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Abstract 
Estimation of soil surface properties, including soil moisture and surface roughness using 
active microwave remote sensing, is important for water-budgeting processes, agricultural 
applications, natural disasters such as flooding and droughts, and for environment changing 
etc. In the past years, Synthetic Aperture Radar (SAR) remote sensing has proven its high 
potential to estimate surface soil moisture.  
The SAR missions whose data was used in this study, the ALOS of the Japanese 
Aerospace Exploration Agency (JAXA), are introduced. Then, the two essential surface 
properties of radar remote sensing; first surface soil moisture in the field and dielectric 
constant in laboratory condition was measured and second surface roughness was defined by 
real ground photos and photogrammetry technique. The first by using reference maps, 
ground truth data and developing geospatial database in geographic information system 
(GIS) the land unit map was produced. The land unit map aimed for introduce the soil sample 
representative of study area in geospatial database for soil sampling, then, by using the 
geostatistical technique the soil moisture map of study area was generated. Continuously, the 
dielectric constant of varieties percentages of moisture content of soil samples was measured 
in the microwave remote sensing laboratory using dielectric constant tool kit. Therefore, 
deeply understanding of dielectric properties of varied soil moisture content changing in 
laboratory from 0 % to 40 %, its relationship with different soil texture and land cover are 
investigated, which is essential for efficient use of microwave sensing technique for soil 
moisture retrieval. On the basis, the important existing backscattering theories in microwave 
remote sensing is discussed and their application on PALSAR data is demonstrated. In the 
other hand in basic of backscattering model all those backscattering model required the 
surface roughness characteristics (RMS height and correlation length) input beside of 
dielectric constant. There are some methods such as pin profilemeter, chain method, and 
recent method of laser scan and photogrammetry. Thus, we should consider about the 
collection of the surface roughness data in each land cover. In this point, we used the 
photogrammetry technique by ground real photography. In each land cover took the ground 
photo with 40 to 60 percent overlap and then import those images to Agisoft for made the 
orthophoto, then made the high resolution DEM and using the ARCGIS software and 3D 
extension the correlation and RMS height was generated.  
The surface roughness data, laboratory experiment measurement result and field 
information was applied in the theoretical, empirical and semi-empirical existing 
backscattering models such as Advanced Integration Equation Model (AIEM) and Oh model. 
By the forward model the backscattering was simulated and it was compare with the actual 
backscattering coefficient of ALOS PALSAR data. Via understanding such an Oh model and 
dielectric constant and surface roughness which has provided, the inversion model was 
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applied for deriving the soil moisture using full polarimetric PALSAR data. In addition, the 
statistical model was generated to create the soil moisture mapping by dielectric constant and 
backscattering coefficient of ALOS dual polarization mode.  
Finally, by using the varied of polarimetric decomposition such as span, entropy/H/alpha 
and anisotrapy and combination of surface properties result of field and laboratory to 
categorized the surface natural condition and discrimination of backscatter parameter in 
study area was tried to introduced the best model for soil moisture retrieval over the bare 
land.  
The result has shown the making the land unit map for soil sampling is a readable method 
to introduce the soil representative in homogeneous area. The geostatistical approach has 
worth potential to create the soil moisture mapping but, the spatial distribution of soil 
moisture as representative samples of study area are very impressive. The surface roughness 
data produced by photogrammetry was has enough accuracy and reliability with very low 
cost and save the time than the other method, and it would be very suitable for vegetated 
cover area, just only should consider about the enough photos and spatial distribution in each 
land cover type. The result of dielectric constant properties has shown real part 𝜀΄ in low 
level moisture content is more sensitive than imaginary part ε΄΄ to the soil moisture but in 
high level moisture content the ε΄΄ is more sensitive than 𝜀΄, also the ε΄΄ seems to be more 
sensitive to soil salinity. Soil texture has the second largest impact on the value of the 
dielectric constant after soil moisture, followed by soil salinity. The silt clay soil has 
demonstrated the highest emissivity values, followed by silt loam, loam, and sandy soils 
types, in that order. The land cover also has good agreement by dielectric constant in each 
level of soil moisture content even in same soil texture. In dielectric simulation and 
prediction, the AIEM model has shown the overestimated of dielectric constant. After 
applying the water-cloud model for normalizing AIEM model of the vegetation affective in 
backscattering it was a bit improving and backscattering increased but, still it was not 
gratified. The AIEM model required more accurate surface roughness data for applied to the 
laboratory dielectric constants and compared with the backscattering coefficient extracted 
from radar imagery. In soil moisture retrieval using different model, the result after 
comparison and validation has shown that the Oh model has more readable accuracy of soil 
moisture mapping, although, it was very difficult drown to find the best model due to 
different character. It seems the Dubois model has overestimate the soil and Oh 
underestimate in compare with the field data. Consequently, the theoretical model such Delta, 
NBMI, statistical method, Oh and Dubois achieved the most accurate soil moisture retrieval 
with variety of RMES Vol-% from 3 to 7.9 in order 
 
Key words: Soil moisture retrieval, SAR data, backscattering model, dielectric constant, GIS 
data, surface roughness, polarimetric SAR. 
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概要 
 
 
マイクロ波リモートセンシングを用いて、土壌水分及び地表面の粗度を含む土壌
表面の特性を推定することは多くの環境アプリケーションにおいて重要である。
フィールドで表面土壌水分を、実験室で誘電率を測定した。地表面粗度は現地の
写真と写真測量の技術を用いて定義した。地理統計学的な技術によって地上サン
プルを取得し、土壌水分マップを作成した。続いて、様々な土壌水分における誘
電率を研究室で測定し、土壌テクスチャと土地被覆の関係を調べた。また、
Advanced Integration Equation Model (AIEM)や Oh Model のような半経験的後方散乱
モデルに誘電率と地表面粗度を適用することで、それらと ALOS PALSAR データ
の後方散乱係数の関係を明らかにした。このように、逆推定モデルによって得ら
れた Oh Model と誘電率、地表面粗度を全偏波 PALSAR データによる土壌水分の
推定に適用した。更に、ALOS 二偏波モードの後方散乱係数と誘電率を用いた土
壌水分マップを作成するための統計学的モデルを構築した。 
最後に、裸地、もしくは僅かな植生に覆われた研究地域における土壌水分の推定
のために最も適用可能であるモデルを導入した。異なった手法によって得られた
土壌水分マップをグラウンドトゥルースと比較した。土壌水分マッピングにおい
て、AIEM モデルは過大推定を示したが、Oh モデルはより良い精度を示した。
HV 偏波モードの後方散乱係数は HH 偏波によるものより、水分量においてより
センシティブであるように考えられる。土壌テクスチャは土壌水分の次に誘電率
の値に大きな影響を持ち、更にその次が土壌塩分である。同じ土壌タイプにおい
ても、土地被覆と土壌水分量の各段階における誘電率は十分に一致していること
がわかった。 
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Chapter 1 
 
 
 
 
 
1- Introduction 
1-1 Importance of Soil Moisture Information 
Estimating soil properties, including soil moisture, is important for many water 
management, and for meteorological and agricultural applications (Verhoest N. E. C, et all., 
2008). Soil moisture information can also be used as an indicator for the prediction of natural 
disasters, such as flooding and droughts, and for environment changing, such as dust storms 
and soil erosions (Lakhankar et al., 2006). Although, accurate soil moisture measuring in 
situ is quiet expensive because of the periodical changes in soil moisture then it would be 
requires a repeated sampling process to analyze the. Additionally, the sampling itself has 
also some problems and it making the sampled data unreliable. 
Nowadays, microwave remote sensing has the ability to collect information from various 
samples in a short time and repeated time intervals over a large area, particularly by recent 
developments in sensor functionality and both temporal and spatial image resolution (Sue 
Nichols, et all., 2011). 
1-2 Challenges of Soil Moisture Microwave Remote Sensing 
The soil moisture retrieval becomes more challenging when the study area is a land 
covered with intense vegetation or snow and when there are significant topographical 
changes in the area (Lakhankar et al., 2009). The most accurate results are realized when 
there is no or less vegetation cover on soil, especially when the test area is flat (Sue Nichols, 
et all., 2011). Soil vegetation cover and topography consideration as the main parameters 
that affect soil moisture retrieval. The question that must be answered is why does soil 
covered with vegetation, and with topographical changes, cause difficulty in estimating soil 
moisture?  
The reflected microwave radiation from the soil surface just only study the soil properties 
remotely. This reflected radiation or emitted from a soil surface either vegetated-covered 
soil to the remote sensor will no longer represent the actual soil surface emission because 
part of the emitted or reflected radiation might be either absorbed or enhanced by the soil 
cover (Du Y., et all. 2000). The topography is the other affective on the SAR image, the 
surface roughness may be underestimated or overestimated because the surface will be either 
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tilted toward or against the remote sensor. The higher surface roughness cause to increases 
the backscattering by increasing the total emitting surface (Dubois P. C., et all., 1995). 
Therefore, spots located at changing ground topography may have different local incidence 
angles with respect to the sensor and might give unreal predictions (Lakhankar et. all., 2009). 
Land cover heterogeneity particularly the vegetation characteristics cause a difficulty in 
soil moisture retrieving by effect of mixed pixel. From the remote sensing image 
interpretation point, when the value of a pixel has been acquired from a homogenous land 
cover, the value reflects the actual land cover where the pixel was captured.  
The penetration depth of the radar beam depends on soil characteristics and moisture state. 
It is typically in the order of some tenths of the wavelength up to half a wavelength (Koyama, 
C. N, 2012). In terms of the soil moisture estimation depth, remote sensing methods have 
been relatively successful in measuring the moisture at a depth of the top soil surface for 
bare soil or soil with less vegetation (Chauhan N. S., et. all). Meanwhile, estimating soil 
moisture at the root zone depth, 10 cm or more from the soil surface, can be considered as 
another challenge (Sue Nichols, et. all, 2011). The other challenges which can mentioned to 
the soil variability such as soil types, soil textures, and soil salinity. Soil texture is a function 
of water preservation variability by soil particles (sand, clay silt). The dielectric constant 
sensitivity of soil texture is low in dry soil, and is high in wet soil conditions (Bindish R, 
Barros. A. P, 2002). The number of researchers have been trying to retrieve the soil moisture 
with different application and different techniques for make solution of soil moisture 
challenges such as multi polarization SAR data, multi-angular, field measuring and 
laboratory experiment and backscattering model of microwave remote sensing, but still has 
many difficulties are in face of soil moisture retrieval particularly in under vegetation soil. 
 
1-3 Research Outline and Scope  
The aim of this dissertation thesis is to answer the following key questions: with what 
conditions can soil moisture be retrieved from single, dual and quad polarization (full 
polarimetric) SAR data? What is the relationship between the dielectric constant and soil 
type (Aridisols) and land cover in arid and semi-arid area? What is the relationship between 
the dielectric constant in different frequency particularly in L-band with varied moisture 
content of soil samples in laboratory condition? Does the available state-of the-art dual and 
polarimetric SAR data allow soil moisture retrieval of a soil moisture inversion scheme 
where information on the disturbing effects from soil texture and surface roughness can be 
derived directly from the SAR images? How to soil moisture sampling in the field? And 
what method to create the ground truth soil moisture map? Which soil moisture remote 
sensing model is suitable for study area? 
For an answering the above question in the view of the new sensor technology, field 
working, laboratory experiment, recent advances data processing, and data analysis 
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techniques along with the progress in to understanding of microwave scattering from 
physical natural it seems to be in touch. For instance polarimetric SAR data is becoming 
more available to a wide uses in earth observation (Lee and Pottier, 2009). Currently, with 
ongoing discussion of whether only full polarimetric should be conducted by future 
spaceborne state-of-the-art sensors like ALOS-2 currently or also partial polarimetric 
operation in near future will answering these questions becomes even more important 
(http://www.jaxa.jp/projects/sat/alos2/). 
1-4 Research Object 
The ultimate object of this research is the soil moisture retrieval using varied 
backscattering model using different polarization modes of SAR data (FBS, FBD and full 
polarization of ALOS PALSAR data) in arid and semi-arid region. The sub objects of the 
research include the: 
 Microwave dielectric constant measurement and analysis of different soil textures 
of Aridisols and interaction with land cover. 
 Soil surface roughness simulation and data deriving for microwave remote sensing. 
 Mapping the soil moisture in study area using field work and GIS technique. 
 To investigate and introduced the applicable backscattering model in study area. 
1-5 Thesis Structure 
The work is organized in seven chapters, which always almost each chapter building upon 
the previous ones. Next this introduction, the principles of synthetic aperture radar (SAR) 
imaging will presented in chapter two. The basic terminology of SAR concepts is important 
to understand the impact of different natural terrain features. For quantitative, simulation and 
modeling of soil moisture and other surface parameters is very important to know about the 
SAR interaction with physical natural land. Surface soil moisture and the surface roughness 
are the two essential surface properties in the field of radar remote sensing. Both parameters 
are defined and are then discussed in chapter three and described in detail. The existing 
methods of their measurement are presented in chapter four. The dielectric analysis of soil 
moisture and interrelationship with soil texture and land cover in chapter five. In chapter six 
the backscattering model will applied in ALOS PALSAR data for retrieve the soil moisture. 
The conclusion and future work will introduced in chapter seven and finally references and 
appendix will presented. The Figure. 1 shows the overall content and research flow of this 
thesis. 
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Figure 1.Overall flowchart of the method 
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1-6 Soil Moisture and Active Microwave Remote Sensing 
In the last three decades numerous researchers carried out and demonstrated that sensors 
operating in the low-frequency helping of the microwave electromagnetic spectrum 
(especially L-band) are suitable to measure the surface moisture content. The sensitivity of 
the radar backscattering coefficient (𝜎°) to soil moisture at microwave frequencies was well-
defined in the literature of 1982; Ulaby et al., 1982; Hallikainen et al., 1985; Dobson et al., 
1985; Dobson & Ulaby, 1986; Oh et al., 1992.  
For soil moisture study the combination of different polarizations, frequencies, and 
incidence angles provide best results (Dubois et al., 1995; Ji et al., 1996; Wang et al., 1997) 
such data is today only available from airborne sensors. Nowadays, L-band spaceborne data 
is available only from PALSAR (ALOS 1) aboard the Advanced Land Observing Satellite 
(ALOS) and soon will be available the ALOS 2 as well. Although, generally a spaceborne 
systems do not offer the high revisit time, spatial resolution, frequency and polarimetric 
characteristics and it is needed for continuous high resolution soil moisture monitoring. 
Current satellite based SAR systems such as ALOS-2 (JAXA), however the revisit time is 
better but is limit to a single frequency band (L-band) as well. 
Moreover, the surface roughness, a major problem to accurate quantitative retrievals of 
soil moisture is the presence of a vegetation cover. Both factors modulate the radar 
sensitivity to soil dielectric constant adaptation and cause the soil moisture retrieval complex 
is realized. Since many combinations of surface parameters exist for a single channel SAR 
configuration which explain the same SAR backscatter. It is not possible to separate the 
diverse scattering contributions of the vegetation and soil components within one resolution 
cell without extra information. Therefore, the estimation of soil moisture with a proper 
accuracy required the many applications to use of correction procedures for surface 
roughness and vegetation effects (Jackson et al., 1997; Loew et al., 2006). 
In the bare land, the relationship between SAR backscattering coefficient (𝜎°), surface 
roughness and surface soil moisture was studied (Mattia & Le Toan, 1999; Le Toan et al., 
1999; Satalino et al., 2002). It is based upon the large contrast of the dielectric constant 𝜀′ 
of dry soil (~ 3) and water (~ 80). The dielectric constant has direct relation with the 
backscatter intensity. Before, physical backscatter models are mostly developed for bare soil 
conditions (Ishimaru & Chen, 1991; Fung et al., 1992; Chen & Fung, 1995). Generally the 
scattering models calculate 𝜎° as a function of soil surface state agree to the inversion of 
volumetric water content and sensor configuration. However, these theoretical models need 
either detailed knowledge of the spatial patterns of soil parameters such as surface roughness 
and multiple radar channels (i.e. polarizations). A suitable parameterization of these models, 
especially for larger areas, is therefore often not possible (van Zyl & Kim, 2001). Empirical 
and semi-empirical algorithms have shown their potential to derive soil moisture from single 
frequency SAR data (Oh et al., 1992; Dubois et al., 1995). However, their applicability might 
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be limited to the region where they were developed and thus must be validated and/or 
adopted if transferred to a different area (Koyama, C. N., 2012). 
Even though all of these important contributions and great realizations from the 
microwave and SAR but, there is still no worth operational retrieval model available for soil 
moisture retrieval. 
 
1-7 Dataset  
In this research we used the ALOS PALSAR data in different polarization mode which 
acquired during of dry and wet season. (Table. 1). 
Table 1. The satellite dataset used in this research 
 
Sensor Date Off-nadir 
angle 
mode polarization Pass Process 
level 
A
L
O
S
 
2010.9.16 34.3 FBD HH, HV Ascending 1.1 
2009.9.13 34.3 FBD HH,HV Ascending 1.1 
2009.3.10 34.3 FBS HH Ascending 1.1 
2010.10.22 22.1 PLR HH, HV, 
VH, VV 
Ascending 1 
LANDSAT 
(TM, ETM+) 
2009.9.13 
2010.9.16 
2012.9.13 
Nadir   164-35, 
144-36 
 
 
We used the optical data and DEM such as Landsat 7 and SRTM for the some 
enhancements and indexes. In addition, we used the some national GIS sources for create 
the geospatial database such as land use/cover, soil regime/type, vegetation cover, geology.  
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Chapter 2 
 
 
 
 
 
2- Background and Basic Conception 
2-1 Soil Moisture with SAR  
Nowadays, Synthetic Aperture Radar (SAR) imaging is considered a powerful microwave 
remote sensing technique suitable to provide high spatial resolution images of the Earth’s 
surface. SAR system is an active radar system operating in the microwave region of the 
electromagnetic wave spectrum, generally between P-band and Ka-band, as illustrated in 
Figure. 2. Usually, it operates in a side-looking geometry with an illumination perpendicular 
to the flight direction riding on a moving platform (i.e. airplane, UAV, space-shuttle, or 
satellite). These systems illuminate the Earth’s surface with microwave pulses and receive 
the electromagnetic wave signal backscattered from the illuminated terrain (Koyama, C. N., 
2012). Synthetic Aperture Radar (SAR) works as a signal processing to synthesize a two 
dimensional image of the Earth’s surface from all the received signals. As a result of this 
active operation mode, SAR sensors are independent of solar illumination and thus capable 
of day and night time acquisitions. In General, imaging SAR systems allow an almost all-
weather continuous global scale Earth monitoring. Moreover, SAR is intrinsically the only 
viable and practical imaging radar technique to achieve high spatial resolution also from 
space platforms. 
In this section we discussed about basic concepts of SAR. More detailed information can 
be reached in the dedicated literature like, for instance, in Elachi (1987), Curlander & 
McDonough (1991), Henderson & Lewis (1998), Franceschetti & Lanari (1999), Oliver & 
Quegan (2004), and Cumming & Wong (2005).  
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Figure 2. Microwave section of the electromagnetic spectrum. 
 
2-2 Fundamental of Synthetic Aperture Radar (SAR) 
Radar remote sensing can be divided into two categories; real aperture radars (RAR) and 
synthetic aperture radars (SAR). Real aperture radars transmit and receive microwave 
signals with a fixed length antenna (i.e. the case for the Russian Resurs-O series satellite). 
Since it is difficult to transport a very long antenna they are limited in their ability to produce 
resolutions fine enough for most remote sensing applications, simply. For find the solution 
of this problem, synthetic aperture radars were developed. SARs have physically shorter 
antennas, which simulate or synthesize very long antennas. This is accomplished through 
modified data recording and signal processing techniques. For processing it is necessary that 
the both components of the complex signal is stored, because the components are needed for 
SAR processing capabilities. SARs have increased azimuth resolution compared to real 
aperture radars.  
On the other view, passive and active are the two main classes of remote sensing imaging 
sensors. The active sensors are equipped with a transmitting unit and receive the 
backscattered or reflected echo from the illuminated terrain. Whereas, passive sensors 
exploit the naturally emitted, reflected, or scattered radiation from the Earth’s surface. An 
important class of such active imaging systems is radar operating in the microwave region 
of the electromagnetic spectrum. The active operation mode renders these systems 
independent from external illumination sources (e.g. the sun). In addition, the long 
wavelengths at the microwave region drastically reduce the impact of weather phenomena 
like clouds, fog, or rain on the resulting images (Koyama, C. N., 2012). 
A radar imaging provides a two dimensional image of the radar reflectivity of a scene by 
illuminating it with microwave pulses and receiving the backscattered field. For this kind of 
radar systems two possible operation scenarios for transmitting and receiving are exist: The 
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first one is that the same sensor is used that is, transmitter and receiver are located at the 
same position which named as monostatic configuration. The second scenario, transmitter 
and receiver are spatially separated using one active transmit-only system to illuminate the 
terrain and one or several passive receive-only systems for measuring the scattered field 
which known as bi-/or multistatic configuration, (Skolnik, 1981). Bistatic radar is well 
established in the field of defense (Ender, 2003) and since the launch of the German 
TanDEM-X in 2009 it is now also available for the geoscience community (Krieger et al., 
2009).  
As we used monostatic configuration only then, in this case we explain more in it only. A 
natural scene is characterized in terms of its three-dimensional reflectivity function in SAR 
imaging, describing the density distribution of scattering targets in the scene. SAR imaging 
process in this logic can be considered as the projection of this three-dimensional scene 
reflectivity function onto the two-dimensional range-azimuth image space. Consequently, in 
the SAR image the physical information content is nothing more than the band-limited 
projection of the scene reflectivity into the SAR image geometry (Elachi, 1987). The 
reflectivity function of the scene depends mainly on the frequency, the polarization, and the 
imaging geometry. Thus, the physical information content of SAR images depends also on 
the choice of these diversified parameters (Henderson & Lewis, 1998). As we mentioned in 
the beginning of this chapter, radar imaging systems operate within the microwave region at 
frequencies from 3 MHz up to 300 GHz with corresponding wavelengths from 100 m to 
1mm. Most commonly, civil radars nowadays operate at P, L, S, C, or X-band (Fig. 2.1) 
(Koyama, C. N., 2012). 
About the polarization conventional SAR systems work linearly polarized antennas, 
(horizontally and/or vertically) in a single, dual, or fully polarimetric mode. In single 
polarization mode the pulse is transmitted in a single polarization defined by the antenna, 
and the backscattered signal is received in the same polarization (Boerner et al., 1998). The 
most of dual-polarization systems is to transmit in a single polarization and to receive at two 
orthogonal polarizations. This is for example the case for the dual-polarization mode of 
ALOS PALSAR (ERSDAC, 2008).  
Finally, the complete polarimetric mode information in form of the scattering matrix is 
measured by fully polarimetric systems. The polarimetric system also referred to as quad-
polarized, are capable of simultaneous transmission and reception in two orthogonal 
polarizations, completely retaining the relative phase information.  
2-3 RADAR Penetration Depth 
Penetration capability is one of the important features of microwave remote sensing. 
Generally, the microwave energy penetration into the ground depends on the dielectric 
constant of the upper layer properties, radar polarization and frequency. A longer wavelength 
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beam can penetrates deeper into the soil medium provides information from the deeper soil 
layer at lower frequencies (L- or P-band) (Ulaby et al., 1981b; Hajnsek et al., 2003). While, 
the information content depends again on the frequency and polarization. Normally, the 
penetration depth of the radar beam with a given frequency depends on soil characteristics 
and moisture content. It is typically in the order of some tenths of the wavelength up to half 
a wavelength. Ulaby et al. (Ulaby et al., 1981a). Obviously, penetration depth decreases with 
increasing mv at frequencies from 1.3 to 10 GHz. Some researcher points that at frequencies 
higher than 4 GHz the penetration depth decreases rapidly below 1 cm if mv is high. 
When the soil has a favorable distribution of particle sizes and an extremely low moisture 
content as occurs that maximum radar imaging depth can be as large as 3 m for instance, in 
active sand dunes. In the recent study the authors The research conclude by Nolan & Fatland 
(2003) from DInSAR measurements which penetration depth change in soil moisture with a 
millimeter per 1% while soil water content to be above a of 10 Vol.-%. Additionally, they 
found that for C-band in soils with typical moisture contents > 10 Vol.-%, the penetration 
depths remains less than 10 mm (Koyama, C. N., 2012). 
The radar penetration in vegetated-soil cover depth is depend on the capabilities of a radar 
beam at a given frequencies is additionally governed by the geometry of the canopy parts. It 
is also affected by dielectric properties (i.e. the water content) of the canopy parts, the 
vegetation volume fraction in the canopy (volume of plant material per unit volume of 
canopy which is mostly air) as well as. In case of many types of crops when the vegetation 
water content is low, during the fruit-filling stage prior to harvest, the penetration depth can 
be significantly higher than it is when the vegetation is green and lush (Ferrazzoli et al., 
1992). In Figure.3 illustration of the relation between penetration depth and wavelength is 
introduced. It can be seen that the longer wavelength at L-band penetrates much better than 
the shorter wavelength at C-band. In the case of forest vegetation, there is no soil component 
in the received signal at C-band, whereas at L-band the forest soil still receives typically 
about 30% of the transmitted energy (Koyama, C. N., 2012). 
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Figure 3. Schematic representation of radar penetration into vegetation and soil at L-band 
accordingly in dry soil, wet soil and flooded soil at sparse vegetation a) and for bare land b). 
 
2-4 SAR Imaging Geometry 
A monostatic SAR can, albeit in a simplified manner, be described as an imaging system 
consisting of a pulsed microwave transmitter/receiver antenna and a receiver unit. SAR are 
mounted on a moving platform and operate in a side-looking geometry as illustrated in 
Figure. 4. 
 
Figure 4. SAR imaging geometry in strip-map mode (Koyama, C. N., 2012). 
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The SAR imaging system is placed at a height H and moves with a velocity VSAR. The 
flight direction is aimed by aperture, referred to as azimuth (y). The antenna beam is then 
directed slant-wise toward the ground with an angle of incidence 0'. The radial axis or radar-
line-of-sight (RLOS) is referred to as slant-range (r). The area on the ground which are 
covered by the antenna beam in the ground range (x) and azimuth (y) directions is called 
antenna footprint. The scanning is provided by the movement of the platform along the flight 
direction. The area scanned by the antenna beam is known as the radar swath (Koyama, C. 
N., 2012). 
2-5 SAR Complex Images 
A SAR image is a 2-D array of pixels formed by columns and rows where a pixel is 
associated with a small area of the Earth’s surface. The size of these image resolution cells 
(pixel) depends only on the SAR system characteristics. A pixel provides a complex number 
of phase information and amplitude, which it is associated with reflectivity of all scatters 
situated within the pixel. Usually the radar backscattering coefficient 𝜎°, come from the 
surface reflectivity. A 𝜎° is a function of the radar system parameters; frequency f, 
polarization, incidence angle 𝜃i of the emitted electromagnetic waves and of the surface 
parameters; topography, local incidence angle, roughness, dielectric properties of the 
medium, moisture content, etc. The backscattering coefficient 𝜎°, will be discussed in detail 
in the next section (Koyama, C. N., 2012). 
 
Figure 5. Geometric effects of terrain slope variations (Koyama, C. N., 2012). 
 
It should be emphasized that the knowledge of the imaging geometry is essential for the 
physical interpretation of a SAR image of special importance is the radar look angle (RLA) 
which is defined as the angle between the vertical of the antenna to the ground and the range 
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direction as shown in Figure. 5. Therefore, in the case of topographic variations inside the 
illuminated scene, SAR images present inherent geometrical distortions that are due to the 
difference between the slant range and the horizontal distance or ground range of the three 
different inherent distortions, radar shadow, foreshortening, and layover, the last two are 
considered as the main specific distortion sources in SAR imaging (Curlander & 
McDonough, 1991, Koyama, C. N., 2012). 
Foreshortening is a dominant effect in SAR images of mountainous areas (Figure. 6). It is 
the effect in which the slant range differences between two points located on fore-slopes 
(slopes leaning towards the radar illumination) of mountains and hills are smaller than they 
would be in flat areas (because the slope, base and top is imaged at the same time and will 
be superimposed on the image). In the radar image, fore-slopes will appear brighter than 
other features on the image, due to the superposition of the slope. This effect results in a 
compression of the radiometric information backscattered from fore-slope areas. During the 
geocoding process if a Digital Terrain Model (DTM) is present of the region might be this 
effect can be compensated.  
 
Figure 6. Foreshortening, Layover and Shadow causing geometric distortion in SAR image 
The other effect of vertical structures is to produce shadows in the SAR image (Figure.5) 
illustrate this effect quite well. Because the radar beam is at an angle, there will be a region 
of ground behind the vertical structure that the beam cannot reach. Thus for the time period 
corresponding to that ground area, no echoes will be returned. This results in a black area on 
the image which is called a shadow. The length of the shadow is proportional to the height 
of the vertical structure and increases the further away that structure is from the nadir line or 
the lower the SAR antenna is.  
If the top of a very steep slope is imaged before the base of the slope is imaged, layover 
will occur. Layover is the effect in which a very steep slope is ‘reversed’ in the slant range 
image (in other words; the order of surface elements on the radar image is reversed of the 
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ordering on the ground). The effects of layover is more intense on the near side of the image 
(smaller incidence angle; Figure. 5). Slope is perpendicular to the incoming radar beam. 
Foreshortening can be minimized by using a larger incidence angle, but this will result in 
more shadowing in the image. 
 
2-6 Radar Backscattering Coefficient 
The qualitative calibrated of SAR data is important, it make it quantitative use of as 
contrasting. Calibration of the backscatter values is necessary to enable inter-comparison of 
radar images acquired with different sensors/ modes or processed with different processors. 
Moreover, well calibrated SAR data is useful for the extraction of geophysical parameters 
by using multi-temporal studies, models, etc. The radiometric calibration is called the 
procedure to establish the relation between the pixel values of a radar image and the physical 
observable that with two steps process are considered: I) relative calibration accounting for 
the relative relationship within the image, and II) absolute calibration to establish absolute 
observables comparable between different SAR images with different imaging geometries 
(Freeman, 1992).  
In SAR image for distributed targets, the intensity information is expressed in terms of 
the radar backscattering coefficient and the radar brightness. The radar brightness 
𝛽° corresponds to the average radar cross section (RCS) per unit image area (Wang et al., 
2006). For example the pixel or resolution cell, in dB and is the standard radiometric product 
for un-calibrated radar images. It is a direct result of the amplitude of the received signal 
expressed in terms of the digital number DN as 
                                    (2.1) 
where K is the called absolute calibration constant, which is derived in the PALSAR from 
measurements over precision transponders during the Cal/Val periods. In the ALOS 
PALSAR case the K is -83 dB (Shimada et al., 2009). The radar backscattering coefficient 
σ° is defined as the average Radar cross section (RCS) per unit ground area in dB. Hence, 
σ° can be obtained by normalizing β° to the ground patch corresponding to the projection 
of each pixel onto the ground with; 
                                                     
(2.2) 
The angle 𝜃 is the local incidence angle, also known as angle of incidence, defined as 
the angle between the incident radar beam to the surface normal (Fig. 4). The radiometric 
resolution describes the ability of a SAR sensor to discriminate differences in 𝜎°, and thus 
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indicates its quality as a measurement instrument. It can be seen from equation (2.3) that the 
incidence angle is significant in order to obtain the normalized intensity observable. As 
mentioned above, the values of 𝜎° are defined by the physical and electrical properties of 
the target, by the wavelength and polarization, as well as by the radar look angle. In case of 
a flat terrain, the local incidence angle corresponds to the radar look angle and can be 
estimated directly from the imaging geometry as; 
                                                    (2.3) 
where z is the averaged terrain elevation, H is the platform altitude above mean sea level, 
and R0 is the slant-range distance to the target. But, it is important to understand that the local 
incidence angle is no longer given by the radar look angle if topographic variations are 
present in the scene. Then the relative orientation of the terrain in terms of its normal surface 
is required to estimate the local incident angle. Generally, this information cannot be 
extracted from a single SAR image. This is common for accounted for by using an ancillary 
digital elevation model (DEM) of the imaged terrain (Small et al., 2004; Small et al., 2009) 
(Koyama, C. N., 2012). 
 
2-7 Speckle  
SAR images display a characteristic granular noise over distributed scatterers, which is 
inherent to all kinds of coherent imaging systems operating at wavelengths smaller than the 
spatial resolution. A consequence of the interference of the individual scattering processes 
occurring within the resolution cell, this is which called speckle phenomenon. Distributed 
targets can be modeled to consist of a large number of randomly distributed discrete 
scatterers as illustrated in Figure. 7 (Lopes et al., 1990; Nezry et al., 1991; Lee et al., 1994; 
Touzi, 2001; Lopez-Martinez et al.,2008) 
 
Figure 7. Schematic representation of distributed scatterers and imaging geometry. 
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There are several filter algorithms in the last years developed for fulfilling the 
requirements of the users for different applications of SAR imaging (e.g. Frost et al., 1982; 
Nezry et al., 1991; Lee et al., 1991; Touzi & Lopes, 1994; Quegan & Rhodes, 1995; Lee et 
al., 1999; Lee et al., 2006; Lopez-Martinez et al., 2008; Lee et al., 2009). In this dissertation 
research for single and dual polarization used the average polarimetric speckle filters 
developed by LEE et al. (1994) were- used. In this research we used the averaging and lee 
filter. A particular, specifically designed Lee-filter was implemented in its refined version 
in order to filter homogenous areas, while preserving edges and textures. The filter has been 
applied with a 7x7 window and a coefficient of variation of 0.5, which corresponds to 7 look 
images. The Lee-Filter approach- relies on the multiplicative noise model, and estimates the 
speckle Figure. 8. 
 
Figure 8. Coherent sum of discrete scatterers within one image pixel. 
 
It should be emphasize that speckle is not noise but, it is a result of constructive and 
destructive interferences between the complex returns from the scatterers within a resolution 
cell, therefore is a real electromagnetic measurement. With this common sense, the same 
imaging configuration always leads to the same speckle pattern. However, speckle limits the 
radiometric resolution reducing the subsequent ability to discriminate between different 
intensity levels. It can be reduced by averaging (multi-looking) on the cost of spatial 
resolution. The averaging can be done with different approaches, for instance i) by dividing 
the synthetic aperture into segments, ii) by averaging adjacent pixels in the SAR image 
(spatial domain multi-looking), which are processed separately to individual images and 
averaged incoherently afterwards (frequency domain approach) (Koyama, C. N., 2012). 
. 
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2-8 SAR Spatial Resolution 
In SAR imaging system the most important quality criteria is a spatial resolution. This 
property describes the ability of the imaging radar to separate two closely spaced targets. 
The description of it is the ability of radar imaging to separate two closely spaced targets. 
On the other side, it is important to generate short pulses with high energy to enable the 
detection of the reflected signals signal-to-noise ratio (SNR) sufficiently. In fact it is the one 
of the major problem in SAR system, although, that is the require equipment which can 
transmit the short pulse with high energy. Thus, for overcome this reason, high energy is 
generated by transmitting a longer pulse where the energy is distributed over the duration of 
the longer pulse. Therefore, pulse compression technique is used to achieve the range 
resolution comparable to the use of short pulses, the so-called (Skolnik, 1981). That is, the 
emitted pulses are linearly modulated in frequency for duration of time TP. The frequency 
of the signal sweeps a band B centered on a carrier at frequency f0. Such a signal is called 
chirp. The received signal is subsequently processed with a matched filter which compresses 
the long pulse to an effective duration equal to 1/B (Moreira et al., 1996). The slant range 
resolution is then given by 
                                             (2.4) 
where c is the speed of light. 
The ground range resolution 1x is the change in ground range associated with a slant range 
of 
δr, with 
                                             (2.5)                             
where θ denotes the incidence angle. Hence, the ground range resolution varies 
nonlinearly across the swath. 
The echoes of two reflecting objects in along-track direction are received simultaneously 
by the antenna at the same time when both targets are in the radar beam. However, a third 
object which are located outside the radar beam the reflected echo from it will not receive 
until the radar moves on it. At the time the third target is illuminated, the first two are no 
longer illuminated, and thus the echo of this target can be recorded separately. A two objects 
in the azimuth or along-track resolution, in the case of a real aperture radar can be separated 
only if the distance between them is larger than the radar beam width. Thus, the azimuth 
instantaneous resolution for a range R0 is given by (Reigber, 2001). 
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                                            (2.6) 
From this time, it seems to be require the large antenna for the high resolution in azimuth. 
For This problem the solution to achievement the high resolution without the use of 
impractical large antennas is given by the concept of synthetic aperture (Brown, 1967; Elachi, 
1987). A simple idea which in behind is to simulate a very long antenna by moving a small 
antenna along the flight direction (Curlander & McDonough, 1991). Based on the 
exploitation of the Doppler Effect, the coherent integration of the received signals along the 
flight track allows synthesizing a long (virtual) antenna (Kownacki, 1967). The maximum 
length for the synthetic aperture is the length of the flight path from which a target is 
illuminated and is equal to the size of the antenna footprint on the ground (ΔY). If a 
scattering target, at a given range R0, is coherently integrated along the flight track, the 
azimuth resolution is equal to 
                                                        (2.7) 
It is interesting to note that the resolution in azimuth is independent of range and 
wavelength and determined only by the physical size of the real antenna of a radar system, 
while being the corresponding azimuthal resolution expression for an orbital SAR imaging 
system is given by (Oliver & Quegan, 2004) 
                                                 (2.8) 
where RE is the Earth’s radius and H is the platform altitude. 
Nowadays, the constraints on the spatial resolution of a SAR system are given by practical 
limitations on the transmitted power, the data rate, and bandwidth leading to resolutions of 
several meters at lower frequencies (e.g. L-band) and in the order of one meter or better at 
high frequencies (e.g. X-band). Recently in the case of the ALOS 2 which the large 
bandwidth of 80 MHz at the L-band center frequency requires a diligent coordination with 
space-borne navigation systems operating at similar frequencies (Jaxa). This is allow spatial 
resolutions to up to 1- 3 m, what is very high for an L-band system. 
 
2-9 ALOS PALSAR 
The Phased Array type L-Band Synthetic Aperture Radar (PALSAR) follows the Japanese 
Earth Resources Satellite-1 (JERS-1) and Advanced Earth Observing Satellite (ADEOS) that 
operated in 1992 to 1998 and utilizes sophisticated land-observing technologies. It was 
launched on January 24, 2006, aboard the Advanced Land Observing Satellite (ALOS). 
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PALSAR was developed by Aerospace Exploration Agency (JAXA) as a cooperative project 
with the Japanese Ministry of Economy, Trade and Industry (MITI), Japan. The PALSAR 
ALOS The platform carries three advanced remote sensing instrument. the Panchromatic 
Remote-sensing Instrument a part from the PALSAR sensor are for Stereo Mapping 
(PRISM) and the Advanced Visible and Near Infrared Radiometer type 2 (AVNIR-2) for 
precise land coverage observation. After the calibration and validation (Cal/Val) period, 
routine operations have been conducted since October 24, 2006. ALOS revolves around the 
earth in the sun-synchronous orbit of 691.65 km and 98.16 degree inclination resulting in 14 
revolutions per day, or once every 100 minutes. The return to the original path (repeat cycle) 
is every 46 days, and the inner-orbit distance is approximately 59.7 km on the equator. 
PALSAR can change off-nadir angle in the range from 9.7 to 50.8 degrees. Spatial resolution 
at off-nadir 34.3 degrees is 10m for the high resolution mode. PALSAR operates at L-band 
with a center frequency of 1.27 GHz and a corresponding wavelength of 23.62 cm. The 
antenna is 8.9 m x 3.1 m in size and consists of 80 fully independent T/R modules.  
ALOS was the first satellite capable of fully polarimetric radar imaging and also the beam 
steering capability to adjust the off-nadir angles, the main advantage of this design is the fact 
that the system can operate in quad-polarized configuration. Full polarimetric instrument 
allows PALSAR to switch from horizontal (H) to vertical (V) polarization and vice versa at 
respective transmission pulse, enabling four polarizations by double simultaneous 
polarization (HH, HV, VH, VV). Basically, Table. 2 show the overview of the instrument 
main characteristics. Detailed technical information can be found in JAXA (JAXA, 2007). 
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Table 2. PALSAR instrument parameters (JAXA). 
 
 Observation mode 
Fine Resolution mode ScanSAR Polarimetric Direct 
Downlink Single Beam Double Beam 
Center 
Frequency  
1270 MHz (L-Band) 
Chirp 
Bandwidth  
28MHz 14MHz 14MHz, 28MHz 14MHz 14MHz 
Polarization  HH or VV HH/HV or 
VV/VH 
HH or VV HH/HV/VH/VV HH or VV 
Incidence  
angle  
8 to 60deg. 8 to 60deg. 18 to 36deg 
18 to 40deg 
18 to 43deg. 
8 to 30deg. 8 to 60deg. 
Range 
Resolution  
10 m* 20 m* 100m* 
(multi-look) 
30 m* 20 m* 
Azimuth 
Resolution  
10 m 20 m* 100m 
(multi-look) 
10 m 10 m 
Observation 
Swath  
70 km* 70 km* 250 km 
300 km 
350 km 
30 km* 70 km* 
Bit Length  5 bits 5 bits 5 bits 3 or 5bits 5 bits 
Data rate  240Mbps 240Mbps 120Mbps, 
240Mbps 
240Mbps 120Mbps 
Radiometric  
accuracy  
scene: 1dB / orbit: 1.5 dB 
 
Note: * For 34.3 degree Off-nadir (Fine Resolution, ScanSAR, Direct Downlink) and 21.5 degree for Polarimetric Mode. 
 
ALOS PALSAR can perform different acquisition modes: 
High resolution mode: is the most commonly used under regular operation. Basically it 
divided in two different modes, Fine Beam Single (FBS) polarization mode and Fine Beam 
Dual (FBD) polarization with swath width about 70 km. The horizontally co-polarized (HH) 
signal only measures with the FBS. At the time of ALOS launching, its finest ground 
resolution of approximately 7 m was the highest as a SAR loaded on a satellite. Fine Beam 
Dual (FBD) polarization mode is an innovative coherent (on-receive) configuration 
transmitting a horizontally polarized signal and simultaneously receiving the backscattered 
co-polarized (HH) and cross-polarized (HV) signals. PALSAR FBD images has the 
maximum ground resolution 15 m. 
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ScanSAR mode: The ScanSAR mode enables to switch off-nadir angle from 3 to 5 times 
(scan by the swath of 70 km) to cover wide swaths from 250 km to 350 km. This mode 
operates an HH single-polarized signal, but the resolution is with 100 m inferior to the high 
resolution mode. 
Direct downlink: The direct downlink mode which is also known as direct transmission 
(DT) mode is operated to accommodate real time data transmission of single polarization. 
This observation mode is similar to high resolution single polarization mode but has a lower 
ground resolution of an approximate 20 m x 10 m. 
Polarimetry mode: The polarimetric (PLR) observation mode enables PALSAR to 
simultaneously transmit and receive horizontal and vertical polarization for each polarized 
transmission. PALSAR also enables to switch from horizontal to vertical at respective 
transmission pulse that provides full Quad-Pol (HH, HV, VH, VV) scattering matrix with 12 
alternative off-nadir angles between 9.70 and 26.20. This observation mode has 30 x 10 m 
ground resolution for 30 km swath width. Since the T/R modules are split up into four groups, 
one for every polarization, quad-pol operation provides only a reduced spatial resolution of 
approximately 25 m. It should be mentioned that the frequent acquisitions of polarimetric 
SAR image are usually not available due to higher energy consumption the operation time 
is limited. As discussed in chapter 5 PALSAR was the first space-borne sensor capable to 
measure the full scattering matrix. Its experimental PLR mode has been highly anticipated 
by the PolSAR community which considers the launch of ALOS as the beginning of the 
“golden age of polarimetry” (Boerner et al., 2010). In order to close this chapter it is worth 
showing two examples of PALSAR image products of the study area (Fig. 9, Fig. 10). 
 
 
 
 
 
 
 
Figure 9. The ALOS PALSAR Fine Beam Double (FBD) in study area from 2010.9.13. 
(HH) (HV) 
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Figure 10. The ALOS PALSAR FBD mode footprint in study area from 2010.9.13. 
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Chapter 3 
 
 
 
 
 
3- Natural Soil Surface Physical of Microwave Remote Sensing 
3-1 Introduction 
In this chapter affords an outline of describing the dielectric constant and geometric 
characteristics of natural soil surfaces as the main parameters which are importance for 
microwave remote sensing. Briefly will be reviewed the physical and chemical processes 
influencing theses surface properties and the corresponding variables used for their 
description and parameterization will be introduced. Generally, soil is described as the 
relatively thin mantel of porous media over the land surface of the earth with properties 
varying widely over space and time. Its solid parts consists of the organic products of the 
inhabited flora and fauna together with the inorganic products of weathered rock or 
transported material. Somewhat meaning different things to different people working in 
different disciplines introduce for definition of the soil surface but often the soil surface is 
often defined as being the top 2.5, 5, 10, or 15 cm of the soil column (Shaver et al., 2002). 
In the radar applications context, often the soil surface is basically defined by the radar 
penetration depth as well as varies of a function of the given radar band, of the soil moisture, 
as well as of the soil texture and density (Ulaby et al., 1982). 
3-2 Soil Moisture Content 
Soil as the thin layer over the land surface of earth is a porous material of widely varying 
characteristics. Soils are involved a three phase system of solid particles, soil water, and soil 
air within spatial and time variations of the soil matrix (Figure 11). Soil particles are 
classified into sand, silt, and clay, in the descending order according to their grain size. The 
porosity part consisting of a portion Vg /Vt (volume of gas/bulk density of a quantity of soil) 
in the soil matrix the amount of water represents which is occupied by soil air and another 
Vl /Vt (volume of liquid/total volume of a quantity of soil) occupied by soil water. The amount 
of water in a soil can be expressed as; 
 
 Water content, volume fraction R Vl /Vt                                       (3.1)  
 Water content, mass basis R mv / ms                                           (3.2)  
Degree of saturation S Vl Vl Vg                                                    (3.3)  
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where mv is the volumetric soil moisture and ms is the dry mass of the soil. By combination 
of the equation 3.1 and 3.2 the following relationship for the conversion from the mass basis 
to the volume fraction, which is generally more useful in field studies. 
 
Rv Rmb / w                                                    (3.4) 
In equation 3.4 it is assumed that the density of water is unaffected by being adsorbed in 
soils, with b denoting the soil bulk density, so that mv /Vt is equal to the density of pure free 
water w. The volume fraction R is equivalent to a depth fraction representing the ratio of 
the depth of water to the depth of the soil column. However, evapotranspiration and 
precipitation are also expressed as depth of water which is used for the examination of gains 
and losses of water in the field (Gardner, 1986, Hajnsek, 2001). 
 
Figure 11. Top view of the vadose zone with predominant forces restraining water in the soil. 
 
The soil moisture content is as a volume fraction ranges between zero at oven dryness and 
a maximum value at pore space saturation. For hydrological purposes and agronomic, two 
intermediate stages are commonly recognized during the drying of wet soil. The field 
capacity (FC) wetter stage is describe as the expressing the water content found when a 
thoroughly wetted soil has drained for about two days. The permanent wilting point (PWP), 
the drier stage is the water content found when test plants growing on the soil wilt and do 
not recover if their leaves are kept in a humid atmosphere overnight. Field capacity and the 
wilting point are used for marking the upper and lower levels of the water of the soil on 
which water is ordinarily available for plants.  
The total amount of water held by a soil at a given suction is controlled by different 
properties of the soil including its texture, structure, organic content, and the nature of its 
clay minerals. Field capacity and permanent wilting point are used as markers for the upper 
and lower boundaries of soil moisture at which water is usually available for plants. In 
Air pores 
Capillary water 
Gain particles 
Absorption water 
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experimental result usually observed with nonorganic and organic soil both of them tend to 
increase with increasing clay in the soil. 
 It could be also shown that at field capacity the degree of saturation of the sandy soil is 
much lower than that of the clayey soil. This is due to a larger amount of pore space in the 
sandy soil, which is made up of relatively large pores that drain readily. (Stewart & Sumner, 
1992). The Figure 12 is shown the cases of the curves R(S) for three soils drying from 
saturation. The curve has shown the sandy soils release more of their water at low suctions 
than clayey soils do. In addition, a sandy medium of fairly uniform particle size releases 
most of its water over a small range of suction. 
 
 
Figure 12. The relation between water content and suction for a sand, a silt and a loamy soil 
(Scheffer & Schachtschabel 1994) 
 
3-3 Dielectric Constant Complex 
The phenomenon by which that non-conducting materials can also be influenced from 
electrical fields was first observed by M. Faraday, who named them dielectrica. The 
electromagnetic wave theory defines the real part of the complex dielectric constant as 
refraction or reflection of a wave at the interface between two different media (Snellius Law). 
The key parameter that describes the behavior of a non-conductor in an electrical field is the 
complex dielectric constant, which is dependent on numerous parameters, such as frequency, 
temperature, salinity and ferromagnetic substances. The complex dielectric constant can be 
considered as a measure of the response of a medium to an electromagnetic field. It is 
composed of two parts, the real and the imaginary one (Stratton, 1941; von Hippel, 
1995b).The corresponding refraction index is a function of the incident angle and the 
velocity of the transmitted wave. The refraction index is defined as the square root of the 
  
26 
 
complex dielectric constant of the denser medium and constitutes a dielectric constant when 
related to a vacuum or the air. The complex dielectric constant is given by; 
                         ε∗ = ε΄– jε΄΄                                 (3.5) 
whereε΄ is referred to the permittivity of the material, whereasε΄΄ is referred to the 
dielectric loss factor of the material and describes the feasibility of a medium to adsorb a 
wave and to transform its energy into another form. Throughout this dissertation write-upε
΄ will refers to the average relative dielectric constant of the material.  
Generally, the dielectric constant of most dielectric natural media varies between 1 and 6. 
It increases significantly with increasing water content, and free liquid water finally reaches 
an up to 81 at low frequencies (Ulaby et al., 1986). 
 
3-4 Measurement of Soil Moisture 
The most common methods for soil moisture measurements today are with regard to the 
mass, the volume or the saturation of soils. The measurement of soil moisture content is one 
of the least accurate methods in principle which emphasized by Gardner et al. (2001). Still, 
the main problem in soil water investigations is the definition of the material state at which 
a soil can be characterized as dry (Gardner et al., 2001). Many methods is measure directly 
and indirectly the soil water content which has been described by researchers, by read those 
publication it make possibility to distinguished between indirect methods and direct method 
of measuring soil moisture contents (e.g. Schmugge et al., 1980; Topp et al., 1984; Jackson, 
1988; Parchomchuk et al., 1990; Dabrowska-Zielinska et al., 2002; Huisman et al., 2003; 
Serbin & Or, 2004). Principally. The indirect methods refer to the functional relations 
between the physical or chemical properties of the soil matrix and the water content of the 
soil, while the direct methods include all measured processes by which the soil water is 
evaporated, extracted, or removed by chemical reactions. In this study two methods were 
used, a direct one, namely the gravimetric method, and the indirect method of frequency 
domain reflectometry (Figure 13). 
The most common direct method which called gravimetric method to obtain the water 
content of a soil sample is to measure the mass difference before and after drying it at 105°C 
until reaching a constant weight. Then, the mass difference mv corresponds to the water loss 
of the soil sample due to the drying process (Reynolds, 1970). In case of a dry soil, the real 
part of the dielectric constant ε΄, varies over the range between two and four; representative 
values for the imaginary part ε΄΄ is below 0.05 (Ulaby 1986). In dry soil when the first water 
is added to a dry soil will cause only a small increase of a ε΄ because at first the molecules 
are tightly bound to the surface of the soil particles. Since the behavior of the water 
molecules, as described in the foregoing section, adding more water will rapidly increase a 
of the soil. 
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Figure 13. The direct and indirect soil moisture measurement technique chart 
 
As discussed in section 3.1the water content on a mass basis is defined in equation (3.2). 
The water content of gravimetric is given in units of g/g expressing the weight in percent 
after multiplication with 100 of the soil water in weight percent (Weight-%). In the case of 
water content is expressed in volumetric percent (Vol.-%), one has to take the bulk density 
into account. Therefore, the water content as a volume fraction R, commonly expressed in 
Vol.-%, is obtained from Rm via equation (3.4), where pb is the dry bulk density of the soil 
and pw is the density of the water. 
Direct measurements are beset with problems principally due to the necessity for 
destructive sampling. Measurements cannot be repeated on the same sample of soil; hence, 
replicate samples must be taken from a plot at any one time to determine the variance of the 
measurements at that time and so to permit the analyst to ascertain whether they vary 
significantly from determinations on other occasions. The need for replication can result in 
the handling of very large number of samples. Practical difficulties are compounded if 
determinations deep in the profile are required. Further repeated sampling within the same 
area may well cause unacceptable damage to a crop or soil. Indirect methods (nondestructive 
methods) like time domain, and frequency domain transmission line depend on the 
monitoring of some soil property, which is dependent on water content. One of the important 
methods is based on measurement of dielectric properties of soils. In these methods, 
instrumentation is placed in or on the soil or mounting some sensors on a platform on the 
surface of soil. Although these methods require calibration to determine water content, they 
have the advantage of in-situ measurements, and these can be repeated in the same positions 
TDR 
Methods for measuring of soil water content 
Direct method  Indirect methods 
Electrical properties Radiation 
technique 
Acoustic 
method 
Thermal properties Chemical methods 
Electrical Conductance 
Dielectric Constant 
Neutron scattering 
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28 
 
at various times. There are several techniques to measure the dielectric properties of 
materials (K. A. Smith, and C. E. Mullins, 1991) (Figure. 13). 
3-5 Surface Roughness 
It is important to understand that the solid phase of soils is composed of particles with 
various shapes and sizes, in address the geometric properties of a soil surface. These particles 
are packed together in different ways, and this packing may be dense or open. Usually, rough 
surfaces is divided into two main categories: the deterministic and the randomly. The first 
type a deterministic rough are periodic surfaces with a given profile and periodic 
irregularities. However, natural surfaces are attributed to the latter class of random rough 
surfaces. The second category is characterized by random irregularities on the surface. Such 
surfaces are best described by the statistical distribution of their deviation from a certain 
reference level (Davidson et al., 2000). 
In the microwave remote sensing field, the second important state of natural terrains 
variable which influencing on the electromagnetic scattering is the surface roughness 
behavior. We will discussed in following about the established approaches to define surface 
roughness through statistical parameters and the existing methods to measure these 
parameters as well as. For describe the roughness of natural surfaces in a suitable manner 
for electromagnetic scattering problems has been object of numerous studies within the last 
two decades (e.g. Brisco et al., 1991; Champion & Faivre, 1996; Colpitts, 1998; Mattia & 
Le Toan, 1999; Davidson et al., 2000; Darboux & Huang, 2003; Allain et al., 2003; Zribi et 
al., 2006; Bryant et al., 2007; Oh & Hong, 2007). A comprehensive review on this topic has 
been published by Verhoest et al. (2008) and a study by Marzahn et al. (2009), Anderson et 
al. (2009) summarizes the most advanced approaches to estimate surface roughness with 
SAR data (Koyama, C. N., 2012). 
In the geometrical properties of soil randomly rough surfaces are usually described in 
terms of their deviation from a smooth reference surface’. The spread of heights about the 
reference surface and the variation of these heights along the surface are two of essential 
aspects of the nature of a randomly rough surface. A diversity of equivalent statistical 
distributions and parameters maybe used to parameterize these two surface properties. Some 
researchers considered the best parametric description of the natural surfaces is the 
parameter set of the root mean square height RMS, s and the surface correlation length, l, 
which it is associated to the surface correlation function (Chen & Fung, 1995; Oh et al., 
1992; Satalino et al., 2001; Fung et al., 1992; Altese et al., 1996; Hajnsek et al., 2003b;). The 
RMS height s is widely used to describe the vertical surface roughness and is defined as the 
standard deviation of the surface height variation in cm: 
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                                         (3.6) 
The correlation length l with associated surface correlation function p(x) are parameters 
which describing the horizontal structure of the surface roughness. The normalized surface 
correlation function for a spatial displacement x' (j −1) px is given by 
                                              (3.7) 
where zj+i-1 denotes a point on the surface with a spatial displacement from the point xi 
(Fung et al., 1996). The displacement xB for which p(xB) between two points on the 
horizontal profile inhibits values smaller than 1/e is defined as the correlation length of 
surface (Euler’s Number ≈ 2.7183) p(l) 1/e. 
Therefore, the statistical independence of two points on a surface is a description of the 
surface correlation length and it increases with increasing correlation between two 
neighboring points. In according of the characterization of a surface with two parameters, s 
and l describe the natural surface only as two-dimensional stationary randomly rough surface 
(Fig. 14). According to the single scale roughness theory (Beckmann & Spizzichino, 1987), 
both statistical parameters are independent from each other. It is mentioned which the 
surface correlation length can be either large or small for a given high or low RMS height. 
It was shown in different studies that the variability of l is normally too large to define useful 
mean values for a natural arable land surface (Mattia & Le Toan, 1999; Zribi & Dechambre, 
2003; Oh & Hong, 2007; Panciera et al., 2009) (Koyama, C. N., 2012). Baghdadi et al. 
(2007) proposed a look-up table of empirically derived correlation length values for specific 
land uses and soil textures.  
 
Figure 14. Concept of electromagnetic wave scattering on rough surfaces (Cloude, 1999, Koyama, 
C. N., 2012). 
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Regarding the researcher question by Oh et all., then they confirmed that the variability 
of l estimates decreases with profile length, and that a mean estimation of l with a precision 
of ±10% requires a profile length of at least 200 l. (Oh & Kay (1998) and Oh & Hong (2007). 
The result of this work and other researcher work results illustrate as well that in short profile 
length, the correlation length estimates are biased towards values smaller than the true 
underlying value of l, and that this bias increases with decreasing profile length (Alvarez-
Mozos et al., 2008). Moreover, other researcher observed a correlation between s and l for a 
1 m profile, what is unreliable with the single scale roughness theory as mentioned above 
(Davidson et al. (2000). The researcher has been mentioned this the relative size of the clods 
of soil in different tillage states and conclusion of this result could introduce a method of 
reducing the number of unknowns related to the surface roughness problem (Koyama, C. N., 
2012). 
 
3-6 Methods of Surface Roughness Measurement 
The several methods have been developed for soil surface roughness measurements. 
Principally, all those can be categorized in two group: first group is the two-dimensional and 
the second is the three-dimensional methods. For more information it can found out in 
different publication such as the by Jester & Klik (2005). 
The first soil surfaces roughness measurements were taken mechanically by using long 
and thin steel needles attached to a normalized board. These vertical movable needles are 
mapping the relief of the ground profile by representing it on a scale attached on the board. 
The simple handling and the easily accessible overview of the impact of tillage on the soil 
surface are the advantage of this pinboard profilometer technique. A major disadvantage of 
it is the rendering impossible a precise repetition of the measurements however, it is the 
disturbance of the soil surface caused be the needles, (Figure. 15) (Koyama, C. N., 2012). 
During the last years several new methods was developing for measure the soil surface 
roughness. It was with the aim to satisfy the requirements of being contactless, fast, and high 
resolute and relatively low cost. These methods was trying to use the optical sensors and are 
based on photogrammetry or triangulation. The photogrammetry method is based on the 
principle of transmitting light and measuring its reflection from the surface. It kind of this 
new measurements methods are well established, they are precise, fast and nowadays 
relatively low cost (Butler et al., 1998; Chandler et al., 2005). This new technique has 
possibility to record a high spatial resolution from 1 to 5 mm with a vertical precision of ± 
1mm and fast sampling and render these systems highly attractive (Darboux & Huang, 2003). 
Though, high costs and time effort to construct and install such profilers are disadvantages 
that should be considered (Davidson et al., 2000; Sun et al., 2006) (Koyama, C. N., 2012). 
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Figure 15. Devices for the measurement of the soil surface roughness: a) classical pin meter, b) field 
laser scanner 
 
The other new method is RADAR approach for soil surface characteristics using active 
microwave remote sensing has been as byproduct of the soil moisture estimation (Verhoest 
et al., 2008; Mattia et al., 2006), since the backscattering coefficient (σ°) of soils is dependent 
on both roughness and moisture.   
It has been demonstrated by several research about the potential of microwave remote 
sensing for soil surface roughness (Zribi et al., 2000; Baghdadi et al., 2002; 2008; Zribi and 
Dechambre, 2002; Rahman et al., 2008). There is a difficulties to measure a fine scale 
variations in soil surface roughness where roughness elements exceed 1.5 cm, leading to 
only broad classes of roughness being mapped: smooth and rough (Baghdadi et al., 2002; 
2008). The investigation result of the senility of the polarization mode to roughness has 
shown that the HV and HH RADAR polarizations are more sensitive to roughness than VV 
polarizations (Holah et al., 2005). Recently, the 3D modeling software by applying the 
photogrammetry approach open the new window to generate the fine resolution DEM and 
deriving the soil surface roughness which we used this method in this study. 
 
3-7 Electromagnetic Scattering from Rough Surfaces 
In general, physical natural surfaces is a rough surface and this roughness is considered 
as the dominant factor for the scattering behavior of an electromagnetic wave from it surface. 
It ought to notify and it is important that the electromagnetic roughness of any scattering 
surface is not an intrinsic property of this surface but, a function of the properties of the 
transmitted electromagnetic wave. The local incidence angle and the frequency of the 
incoming plane wave both are define how rough or smooth a surface can be appears. As we 
have discussed in the earlier section the roughness term in radar science depends on the given 
wavelength, then it would be changed with different frequencies. It is illuminated that target 
is appears smoother at lower frequencies than at higher frequencies. To compensate this 
effect, the root mean square (RMS) height s is scaled to the actual wavelength using the 
wavenumber k (2π/λ) with the following equation: 
(a) (b) 
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                                            (3.8)                                        
where ks is the RMS height s, as defined by equation (3. 5), normalized to the wavelength 
e. Besides the wave frequency. The local incident angle plays an important role in defining 
electromagnetic roughness of a target as well. The propagating electromagnetic wave at the 
same surface in the near field appears rougher than in the far field, comparable to the 
reflection of the sunset over the sea (Beckmann & Spizzichino, 1987). 
 
 
Figure 16. Schematic representation of Fresnel reflection (Koyama, C. N., 2012). 
 
If we assume a constant wavelength at a fixed local incident angle, the interaction of the 
incoming plane wave with differently rough surfaces can be treated as follows: the rougher 
surface has the more diffuse scattering behavior, and the smoother surface would have the 
more directional the scattering behavior (Figure. 16 and 17). In natural surface condition, 
although the surface conditions generally is be different from medium to rough. Therefore, 
from natural terrain surfaces consists of two components the backscattering of an 
electromagnetic wave are happened; a coherent or reflected and a scattered or incoherent 
one. In this sense, the coherent component behaves as a specular reflection on a smooth 
surface. There is no return of the coherent part back to the sensor I the case of monostatic 
radar which can be seen in Figure. 17. Where the reflected power is spread in all directions 
the incoherent component is a diffuse scatterer. By increasing surface roughness the coherent 
component becomes negligible and the incoherent component consists only of diffuse 
scattering. 
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Figure 17. Characterization of roughness components on a) smooth, b) rough, and c) very rough 
surfaces. 
 
We have been explained the essential concept aspects of microwave interactions with 
natural soil surfaces. Then, we can now forward to proceed to consider the experimental 
settings of the dielectric constant analysis and soil moisture interaction in different soil 
texture. In next chapter we will explain the study area and soil moisture mapping using the 
ground based data set. 
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Chapter 4 
 
 
 
 
 
4- Study Area, Field Work and Laboratory Measurement of the Soil Surface Properties 
4-1 Introduction 
In field work are essential for validation or calibration of remotely sensed data products. 
Field work and ground truth information is used to after the result of models or map 
upcoming it should be validate in quality and quantity and also is a prerequisite for the 
adaption or development of new models. In this chapter the description of the study area, 
as well as of the individual test sites is provided followed by the detailed description of the 
ground based measurements, laboratory experiment for dielectric constant which are used 
later on for the semi-empirical soil moisture retrieval model as well as for the validation of 
this and other models applied in this dissertation. The first would introduce briefly about 
study area and laboratory experiment then for dielectric constant and interrelationship with 
soil texture and land cover 
4-2 Study Area 
The study area is located on northern part of Iran. This area is alluvial plain with small 
topographic relief on northern part of the fan. The flood plain formed on Quaternary geological 
period and has fertilized soil in north and saline soil in southern part. The flat land closure in 
southern part to lowland with temporally seasonal lake (playa) (Fig.18).The climate type of study 
area is arid to semi-arid from south to north, and the average of annually precipitation is 140 mm. 
According to the temperature and humidity regime of soil classification, the soil of this region 
categorized in Aridic. The soil in arid region in the U.S soil taxonomy categorized on Aridisols 
class (from Latin aridus, "dry") that exhibit at least some subsurface horizon development. 
Aridisols occupy about 12% of the Earth's ice-free land and contain subsurface horizons in which 
clays, calcium carbonate, silica, salts, and/or gypsum have accumulated. Materials such as 
soluble salts, gypsum, and CaCO3 tend to be leached from soils of moister climates. (USDA). 
Aridisols have a very less concentration of organic, reflecting the paucity of vegetative 
production on these dry soils. Land use of this area mainly are range, wildlife, recreation and 
non-used and agriculture land, then most of land cover in study area are bare land, sparse 
vegetation and cropland in north part. Although the climate type in this area is dry but some part 
in lowland area in south a groundwater table is high and near to top soil surface and it causes the 
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soil become too moist. Aridisols particularly does not have more variety in soil texture but in the 
study area typically some soil are developed because of river alluvial fan and the flood occurring 
in winter season, it is the one especial reason for select the area for this study in Aridisols. The 
one reason for select the study area was to study on Aridisols since there was rare study on this 
type of soil by SAR and no dielectric constant measurement and backscattering modeling has 
been not developed for soil surface studies.΄ 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 18. Study area using Landsat 7 data (RGB: 432) and red line is the Garmsar city border. 
 
4-3 Soil Moisture Measurement and Estimation 
For the soil moisture measurement we used the time domain reflectance (TDR) in situ and 
laboratory. In a laboratory the soil moisture gravimetric method has done as well. Soil 
dielectric constant was converted to soil moisture using the relationship of Hallikainen et al., 
(1985). 
 
                                            (4.1) 
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The expresses e, as a function of mv, S, and C, where S and C, are, respectively, the sand 
and clay. The result of the measurement and estimated soil moisture has shown in table 4.1 
their comparison in Figure 19 and 20 and Table. 3.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 Figure 19. The soil sampling in study area (a, b), and laboratory measurement for soil moisture 
measurement (c, d, e, f). 
 
 
 
 
 
 
 
 
 
 
 
(a) 
(e) (f) 
(c) 
(b) 
(d) 
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Table 3. Comparison of the measured soil moisture and estimated in percentage. 
FIELD Dielectric Constant(ɛ΄) Soil textures Bulk Density Gravimetric SM Measurement SM Estimated SM 
S 1 3.39 sandy 2.30 1.8 2.3 5.65 
S 2 4.08 silty 1.70 9.3 8.9 7.73 
S 3 3.76 clay 1.32 5.83 6.6 6.95 
S 4 4.89 clay 1.50 30.25 29.3 21.48 
S 5 5.26 clay 1.55 18.81 20.7 18.23 
S 6 3.68 clay 1.35 5.42 4.3 9.25 
S 7 3.7 clay 1.38 10.21 9 12.54 
S 8 3.91 clay 1.28 11.74 11.2 15.21 
S 9 6.21 clay 1.50 27.11 25 18.65 
S 10 2.57 clay 1.45 4.95 6.7 4.25 
S 11 5.15 clay 1.38 18.26 19.7 13.54 
S 12 9.37 clay 1.45 38.65 41.4 32.78 
S 13 10.34 clay 1.42 36.79 42.6 48.2 
S 14 5.95 loam 1.60 9.6 10.6 8.95 
S 15 4.68 clay 1.35 17.56 16.6 18.69 
S 16 3.51 silty 1.55 5.36 5.8 6.12 
S 17 3.45 sandy 1.70 7.66 8 7.55 
S 18 3.96 sandy 1.75 9.45 7.3 8.26 
S 19 3.18 sandy 2.10 0.85 1.1 3.21 
S 20 3.6 silty 1.90 8.25 9.8 5.64 
S 21 3.83 silty 1.82 7.92 8.6 11.23 
S 22 3.01 loam 1.65 0 0.2 3.36 
S 23 3.44 loam 1.58 4.12 3.3 4.23 
S 24 4.45 clay 1.42 8.66 9.4 13.25 
S 25 4.55 loam 1.62 7.54 8.5 9.23 
S 26 9.12 silty 1.59 7.98 6.5 7.56 
S 27 6.05 clay 1.46 11.25 10 7.65 
S 28 3.02 loam 1.62 1.85 2.6 4.85 
S 29 9.1 loam 1.73 13.55 15 13.25 
S 30 3.1 sandy 1.95 1.55 2.7 3.5 
S 31 3.9 clay 1.28 12.25 10.1 12.54 
S 32 3.55 clay 1.41 4.8 5.6 6.98 
S 33 3.9 clay 1.37 12.45 9.2 8.45 
S 34 5.45 loam 1.61 2.12 2.5 4.71 
S 35 5.65 loam 1.59 1.65 2.2 3.44 
S 36 3.72 loam 1.79 6.25 7.2 5.72 
(d) 
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Figure 20. Comparison of the soil moisture estimated and measured. 
 
The comparison has shown the soil moisture overestimated by Hallikanen model. This 
model is basis on wet area then might be it is one reason for overestimated the soil moisture 
in study area. 
 
4-4 Soil Moisture Mapping Using Ground Truth Data  
In the following section provides a comprehensive overview of the ground truth data set 
which used in our papers. In situ work include the soil moisture sampling and measurement 
then applied the geo-statistical method for create the soil moisture mapping base on the in 
situ data.  
A careful soil sampling is essential for an accurate soil characteristic’s mapping. A sample 
must return the overall or average soil characteristics of a field then analyses, interpretations 
and recommendations accurately represent the status of the soil. An accurate evaluation of 
soil moisture content will result in more efficient map user, reduce the costs and potentially 
useful for environmental planning. Therefore GIS is the most powerful tool to approaching 
of this goal.  
A GIS for environmental analysis is used to explore the spatial relationships, patterns, and 
processes of geographic, biological, and physical phenomena (Goovaerts. P., et all., 1997). 
The two primary methods of geospatial analysis include quantitative mapping and thematic 
mapping. A quantitative map such as temperatures, elevation. A thematic map demonstrates 
a specific feature or concept such as soil types, or geologic zones. The combinations of data 
for environmental geospatial analysis are endless. A different layers of separate information 
employs as spatial analysis with sets and use spatial analytic tools to mine datasets across a 
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diverse range of disciplines. The environmental geodatabase is provides the common data 
access and management framework for ArcGIS. It is describes the different types of data 
such as features, rasters, attributes, networks survey measurements, and relationships and 
controls how they are represented, accessed, stored, managed, and processed that can be 
used and processed in ArcGIS (Kevin. J; Jay, et all., 2001, 8, 9 and 4). 
Geospatial analysis offers insight about the environment and reveals management options. 
GIS integrates powerful tools to model the relationships among geographic data for 
geospatial analysis. Here we have applied this tools for advanced geospatial analysis of 
geospatial data for create the land unit map as homogenous field area for soil sampling 
(Grunwald. S, et all., Upchurch. D.R, et all., 19889). A complex soil samples should 
represent a uniform field area that has a similar geo-physical characteristics such as climate, 
topography, geology, vegetation and soil type etc. These can be possible with create the 
homogenous sample area that we used the land unit map. The land unit map, considered as 
a homogeneous tract of land at the scale at issue, provides a basis for mapping and 
transferring landscape knowledge, via evaluation, to application (Vacca. A, et all., 2014., 
Zonneveld. I, S, et all., 2001). The land unit map which made it in ArcGIS geo database used 
for support soil sampling for soil moisture mapping. 
In this section of research shown how and which method is useful to create the 
homogenous field area for worth soil sample representing using environmental database to 
deriving the soil moisture map. Then, applying the geostatistical method such as Kriging and 
Co-kriging for deriving the soil moisture map using ground truth data which provided in 
previous stage. 
 
4-4-1 Spatial Variability of Soil Properties 
Spatial variability is administrated by the processes of soil formation which are in turn 
interactively conditioned by climate, lithology, biology, and relief through geologic time. In 
soil systems the spatial variability is belongs to two broad categories; systematic and random 
(Wilding. L.P, all, 2014). The systematic variability is a marked change in soil properties as 
a function of physiography, geomorphology and interactions of soil-forming factors.  
Causes of vertical and lateral anisotropy that yield spatial variability of a random nature 
over short-range or intermediate distances include: differential lithology, intensity of 
pedogenic weathering processes, hydrology, biological activity, erosion and deposition. All 
of the above, except the latter two, may contribute to systematic variation, but the effects 
may be too subtle or complex to be discerned visibly or by measurement (Wilding. L.P, all, 
2014). 
The soil moisture spatial variability as one of the soil properties it depend on both category 
of random and systematic such as different lithology, hydrology, physiography, soil forming 
and geomorphology. In this propos it is important to note, however, that appreciable 
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variability still remains in mapping units of soil series (cartographic units) used to partition 
real geomorphic landscape components. By reach to this approach still research need to 
provide the worth homogenous area base on the landscape characteristics to achieve the best 
soil surveying. 
4-4-2 Existing Data Set Used 
In this research for carry out the geospatial database firstly tried to collection the existing 
data both in digital format and hard copy maps of Semnan province which cover the study 
area. The collecting existing data belong to local report, unpublished study and local 
organization data base by different surveyors and different tools. Thus, the first tried to do 
the standardizing such as site quality checking, validate a geographic coordinate 
georefrensing, and interpretation the legend or made it. According to the GIS approach of 
the project, only the digital data have been used. These data are as follows: 
 A land cover map of Semnan province, created in 2007 by Agriculture’s research 
and education organization 
 A land use map of Semnan province, created in 2007 by Agriculture’s research and 
education organization 
 A geological map at a scale of 1: 250000, which was created by Geological 
surveying organization. This map is created in hard copy and digital format based 
on the aerial photography and geological interpretation and field work checking. 
Recently, the geological map based on the geological map and geological 
interpretation and land surveying creating the map at 1:100000 scale but, 
unfortunately not covered whole study area. 
 A Shuttle RADAR Train Model (SRTM) Digital Elevation Model (DEM) 90 m 
 Climate data such as precipitation, temperature and evapotranspiration which was 
created by Meteorological organization of Semnan province. 
 A vegetation cover percentage which was created by Forest, Rangeland and 
watershed organization 
 A soil type and soil regime layer which was created by Water and Soil conservation 
institute  
4-4-3 GIS Framework 
   The components of geospatial database, which from the structure of out GIS are 
described as follows:  
1. Data input. Convert a data from their existing form into the standard digital data sets 
form.  
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2. Data storage and management. The structure of database, map coordination, the 
position, topology, and attributes of geographical elements (points, lines and 
polygon) will be managed.  
3. Data analysis and transformation. Data should be double checked and the error and 
noise removed and transformation, on the other hand the data manipulation and 
analysis functions determine the information could be generated and extracted by 
GIS layers (climate type, soil type, geology, etc.).  
4. Data output and presentation. The output could be in map, tables of attribute values 
and test describing the final results and will be copied on CD-ROM for data storage 
or web GIS for internet distribution (Harahsheh. H., et all., 2000).  
4-4-4 Environmental Parameters Included in the GIS 
The study of the environments needs the analysis of various parameters, which could be 
falls into physical, climatic and geo-biological parameters the following environmental 
parameters constitute out GIS layers:  
1. Geology  
2. Soil types 
3. Topography  
4. Rainfall 
5. Land Cover  
6. Vegetation cover  
7. Land use 
8. geomorphology 
9. Temperature  
10. Evapotranspiration 
11. Climate type 
12. Soil regime  
13. Land form  
According to the above GIS layer we should demonstrate that the soil type and the soil 
regime data has different information and it made by following the American soil taxonomy 
in department of agriculture (USDA). The land form map is little different that means the 
topography was classified into terrain types on the basis of two morphometric indices: slope 
and curvature (sensu Zevenbergen and Thorne, 1987., Jacobs. H, M, et all., 2000., Vacca. A, et 
all., 2014.). 
The detail work flow for GIS database has shown as below flowchart (Figure. 21): 
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Figure 21. The flowchart of GIS frame work for create the land unit map. 
 
4-4-5 Field Work and Soil Sampling 
The first step for field work is consider about the sample position in field area before 
obtaining a soil sample. Soil sampling is also one of the most important steps in a soil study 
program. A composite soil sample should represent a uniform field area that has a similar 
environmental characteristics such as climate, topography, geology, land use, vegetation and 
soil type etc. Soil characteristics (color, slope, texture, drainage and degree of erosion) 
should appear similar. Exclude small areas within a field that are obviously different. These 
can be sampled separately if they are large enough to warrant special treatment.  
For soil sampling designs there are two different methods for sampling; (i) sampling at 
fixed depths (e.g. 30, 60, 90 cm), or (ii) sampling in each horizon (O, A, B, etc.) or the 
researcher called surface soil, top soil and near top soil and so on. The soil researcher used 
to different soil sampling designs which the common sampling designs are as follow; 
 Grid sampling: A grid with suitable spacing is placed which landscape can be studied. 
The sites can be selected at intersections of the within the grid cells or grid lines.  
 Random sampling: Randomly, sample locations are selected with equal probabilities 
of selection and independently from each other.  
 Random stratified sampling: The area is first divided into a number of sub-regions, 
called strata, and then random sampling is applied to each of the strata separately.  
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 Transects: Soil samples are taken along straight lines across a landscape. The spacing 
between sampling points might be equal, nested, or random.  
 Target sampling: Two or more attributes (e.g. topographic attributes such as slope, 
aspect, and plan or profile curvature) are used to identify homogeneous and 
heterogeneous patterns. The goal is to identify “representative sampling points”. [6, 
2, and 7] 
Different sampling approaches must be applied depending on the objectives, which are 
strongly influenced by scale. Each experimental design has constraints and strengths with 
regard to the analysis of data. 
 
4-5 Results  
4-5-1 Geospatial Database for Soil Moisture Mapping 
  The Geographic information system (GIS) is designed for import, collection, storage and 
analysis the phenomena information related to geographical location. The information in a 
GIS is presented in two basic forms, as maps and as tables. 
The remote sensing and GIS system are utmost important for such this studying, therefore 
satellite images are used to produce such data of land cover, temperature, moisture, 
evapotranspiration and vegetation indices then they will important to GIS system for. Such 
of national and reference map is in hard format and it should be scanned and to be able 
geocoding and convert to layers of information. GIS techniques will be used to composite, 
extract and analyze data and create the derived information related to environmental 
indicates in form of soil moisture. The Figure. 22 shown the overall screen of GIS data base 
in ArcGIS software related to soil map, and Table. 4. shown the part of the attribute table of 
soil information. All of the geo-spatial analysis, standardizing of layer has down in ArcGIS 
software. The Figure. 23 has shown the land cover map as one of the base layer in GIS 
database. 
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Figure 22. The screen shot of geospatial database in ArcGIS software. 
 
Table 4. A frame of the attribute table of Soil type and Soil regime map in GIS database 
 
 
ID Soil Regime Soil Type 
239 
Lithic Calciustepts, Coarse to Medium, Typic, Calciustepts, Fluventic, 
Haploxerepts, Undulating 
Inceptisol 
603 Rock Outcrops - Litihic Xerorthents- Typic Haploxerepts, Hilly Entisol 
824 
Typic, Torriorfhents, coarse to medium, Typic, Haplogypsids, Typic, 
Haplogypsids, Gentiy, Undulatir 
Entisol 
1105 
Typic, Haplogypsids, Coarse to Medium, Typic, Torriorfhents, Typic, 
Haplocalcids, Gently, Undulate 
Aridisol 
1106 
Typic, Haplogypsids, Coarse to Medium, Typic, Torriorfhents, Typic, 
Haplocalcids, Gently, Undulate 
Aridisol 
1355 Xeric,  Haplosalids, medium, Xeric ,Torrifluvents, Typic, Aquisalids, level Aridisol 
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Figure 23.The land cover map as one layer in GIS database, and the graphic rectangle on the map 
shown the study area 
 
4-5-2 Land Unit Map 
The several utilities such a spatial analysis were used to produce the land unit map. Firstly, 
the landform raster data were generalized in ArcGIS by Majority Filter operator. This 
approach was employed to decrease the number of unnecessary features, such as single 
pixels or small pixel, with an area smaller than 150 ha which is considered to be the minimal 
mapping unit according to the final scale of the map (1:250,000). 
As a second step, the raster data were converted into vector data and eliminate the 
polygons smaller than a threshold fixed by the operator by merging them into the wider 
adjoining polygon with the longer common side. And then as a third step, this shape file was 
thoroughly cleaned up by means of a vector rationalization process and being to derive the 
landform map by a raster (Vacca. A, et all., 2014., Zonneveld. I, S, et all., 2001). 
As a fourth step, the landform map was combined by DEM map to create the 
physiographic map. The Union tool then used to combine the physiographic map with the 
land cover map to produce the first draft of the Land Unit Map (Fig. 24). This map solve it 
manually by expert interpretation and compare visually and check by other data and Google 
Earth finally overlaid by soil map. In this point map is ready to going for field working as 
  
46 
 
soil surveying base map. The Table. 5. shows the characteristics of land unit map relating to 
Fig. 5 in study area.  
 
Figure 24. The land unit map create by geospatial database in ArcGIS with ground soil sampling 
point 
 
Table 5. Units of the land unit map. 
 
ID Info 
Agriculture 
Cropland, alluvial and colluvial parent material, deep soil, Loam to clay soil 
texture  
Bare land Plain, clay and slit soil, alluvial fan,  fine- to coarse sand stone  
Good-range Soil with good depth and fertilizing, clay loam and clay 
Mix-mod-range Loam and clay soil, sparse vegetation and mix with crop and follow  
Mix-salt land Salt flat, soil with salinity and limitation for drainage, mix irrigated farming  
Mix-woodland limitation for irrigated farming, high ground water table 
Mode range Sparse vegetation, halophyte plant in winter, little soil saline  
Poor range Soil salinity limitation, sandy soil, soil erosion 
Rock Sand stone 
Salt land Badlands, soil with physical and chemical limitation for plants 
Salt lake Playas, soil with salinity and wetland and seasonal lake  
Urban  
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4-5-3 Soil Sampling and Measurement 
In this research we used the target sampling approaches on the subject of to define the 
homogenous area and then took the sample in each land unit. Poor soil sampling procedures 
account for high percent of error based on soil tests. Soil test results are only as good as the 
soil sample. Once you take a good sample, you must also handle it properly for it to remain 
a good sample. Thirty five samples of soils were collected from a different Land unit of 
study area where different soil textures and land cover are mined. According the geophysical 
characteristics of that test area was tried to select the best sample position with using the 
geospatial database. The samples were collected using GPS, soil sampling tool kit from 
different land cover and different soil textures respectively in depths of 0-10 cm (top soil). 
The field work has been done during the earlier of September at the same month with ALOS 
data acquired in study area. (Fig. 25). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 25. Overview of study area and field sampling; wet land (a), agriculture (b), vegetated area 
(c), sparse vegetation (d) and (e), bare land in clay and salt plan (f) 
  
All at once the soil moisture was measured by TDR (Time domain reflectance) from top 
soil in the field (Table. 3). Then, half of the kilogram of soil was taken for carriage to 
laboratory. In fact in this research soil samples for laboratory experiment was prepared in 
two steps involve of field moisture condition and dried soil. The gravely samples sieved to 
remove the coarse gravel particles in sandy soil. The soil samples in laboratory once soil 
moisture was measured again by TDR and weighted carefully as field moisture condition. 
These fine articles was oven dried in 24 hours by 120 Celsius degree and then weighted 
again for calculating the gravimetric soil moisture.  
 
(a) (c) 
(d) (e) (f) 
(b) 
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4-6 Soil Moisture Mapping Using Geostatistic Method 
Geostatistics is a class of statistics used to analyze and predict the values associated with 
spatial or spatiotemporal phenomena (eseri). In Geostatistical Analyst, a methods are those 
that are based on statistical models that include autocorrelation. Geostatistics has potentially 
to analyzing the spatial variability of soil attributes. It is always seems a two data which are 
close to each other might has a more probability to have similar values than two data that 
are far apart. In the basic concept of geostatistics the regionalized variable which states that 
a spatial variation of any variable might be expressed as the sum of three components:  
A spatially correlated random component (auto correlative component)  
A structural component, associated with a constant mean value or a polynomial trend  
A white noise or residual error term that is spatially uncorrelated  
Variogram is used to model the spatial dependence of analysis regionalized variable 
theory of soil properties by, which is required for Kriging (spatial prediction). The soil 
moisture map was derived by Kriging and Co-kriging geostatistical method in ArcGIS 
software (Figure. 26). The variogram is a function of the degree of similarity between 
attribute values at sample sites x and x+h as function of their geographical separation or lag 
h. In variograms the distance between data points (x-axis) is plotted against the semivariance 
(y-axis) (Figure. 27) 
 
 
 
 
 
 
 
 
 
 
 
Figure 26. The soil moisture map create by Co-Kriging (a) and Kriging (b) method 
(a) (b) 
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Figure 27. Semivariogram modeling of Kriging method captured from ArcGIS screen. 
 
 Co-kriging using an information on several variable types. The key variable of concern 
is Z1, and both autocorrelation for Z1 and cross-correlations between Z1 and all other variable 
types are used to make enhanced predictions. It is appealing to use information from other 
variables to help make predictions, but it depends on the other. Co-kriging requires more 
estimation, including estimating the autocorrelation for each variable as well as all cross-
correlations. Theoretically, you can do no worse than kriging because if there is no cross-
correlation, you can fall back on autocorrelation for Z1. In this point we used the point map 
of moisture volume from ground truth and used the soil map and vegetation canopy map as 
well for Co-kriging method. Kriging collect the an interpolation methods that rely on semi-
variogram models of spatial autocorrelation to generate predicted values and other 
information regarding the distribution of values for each location in the study area through 
quintiles and probability maps, or via geostatistical simulation, which provides a set of 
possible values for each location. The probability location and data distribution is very 
important which model tried to find the best by making the Normal QQ plot which standard 
normal distribution are plotted on the x-axis in the Normal (Fig. 27). If the data is normally 
distributed, the points will drop on the 45-degree of reference line. But it seems the 
distribution of data sat some parts is not worthy, however, totally the Kriging model is better 
than the Co-kriging. 
 
  
50 
 
 
 
Figure 28. The graph shown the QQ plot of distribution of dataset which used for Co-kriging (left) 
and Kriging (right) model 
 
Validation is possible by comparison of tow method or use the cross validation, but instead 
of using the same dataset to build and evaluate the model, two datasets are used, one to build 
the model and the other as an independent test of performance. If only one dataset is available, 
the Subset Features tool can be used to randomly split it into training and test subsets. For 
validation we are comparing which method is best for our dataset. The first we compared 
between the two different technique of Co-kriging and Kriging result (Fig. 28). The 
comparison are based on root mean square error (RMSE), standardized mean error and 
average standard error. Normally, the best model is the one that has the standardized mean 
close to zero, the smallest root mean squared prediction error, the average standard error 
nearest the RMS prediction error, and the standardized RMS prediction error nearest to one. 
In this comparison which shown the Kriging method reached the lower RMSE and it is 
recognized as accurate result map of soil moisture (Fig. 29). 
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Figure 29. Comparison between the Co-kriging and Kriging result. 
 
As we mentioned in previous section that the geospatial database with approaching in soil 
moisture could be useful for field working in soil surveying. According to this way the 
understanding the interacting of soil with other environmental would be probable. For 
achieving the homogenous area as base map of field working in soil surveying land unit map 
is the more reliable unit since it will have been come from different base layer and tried to 
have more aspect of affective item in soil properties. Generally, the accessible soil digital 
map were interpreted using associated and generalized knowledge concerning the impact of 
topography, geology, and land cover on soil properties. But the land unit paradigm based on 
the soil landscape use for predict homogeneous areas in terms of soil, geological, vegetation, 
geomorphology, landform and land cover etc. is most practicable. Therefore, it seems this 
study’s method offers a quick and fruitful technique based on the land unit map by using the 
geospatial data base on GIS software environ. 
In addition by this methodology, we created a new technique for land scape setup to create 
the land unit map and soil surveys database. Moreover, the existing soil data collected over 
a large scale not quantifying. Furthermore, for large study area long time necessity for soil 
surveying by a huge number of soil surveyors for different purposes especially for soil 
moisture it is the new technique. 
In the second part for create the soil moisture map by using the geo-statistical method 
which is very powerful tools. The Kriging and Co-kriging make possible to make special 
relationship between soil moisture which measured in field and different value as same 
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condition by distance and deriving the map. The Kriging method could derived the a bit 
more accreted map but not so much valuable than the Co-kriging. It seems the Co-kriging 
could be more useful than Kriging because it make possible to add some other affective 
valuable on target variable which want to modeling. For instance in soil moisture mapping 
it is possible add the variable of soil or geology or other information which we have in our 
disposal. Finally the most important factor for creating reliable model in geo-statistical is a 
dataset with worth spatial distribution.  
We have only attempted production of soil moisture mapping from soil surveying 
approach using GIS techniques and no attempt has been made to evaluate or model of the 
generated digital soil maps. Hence, further study is recommended, which can take advantage 
of geospatial database technology and higher resolution and more detail scale to assess the 
reliability of the study outputs, and investigate how the component of the soil moisture 
interact with one another to impact the environmental factor. 
 
4-7 Surface Roughness 
Soil roughness can be considered as a stochastic varying height of the soil surface towards 
a reference surface. Generally, the characterization of surface roughness is obtained from 
the analysis of height variations observed along transects, from which, commonly, the RMS 
height, correlation length and autocorrelation function are calculated as input to most 
backscatter models. A researchers have been suggested a several methods for estimating the 
roughness parameters. These methods can be categorized in two grouped; contact instrument 
where there is a physical between the instrument and the soil surface contact instruments, 
and noncontact instruments for which there is no physical contact. In the contact instrument 
groups, meshboard, and pin profilometer and in second group are such as Noncontact 
instruments include laser techniques, photogrammetry, acoustic backscatter, infrared and 
ultrasonic techniques (Niko E.C Verhoest,et all). In this study photogrammetry technique 
from second group used for deriving the soil surface roughness characterization. Before 
some researcher apply this method to deriving the micro-scale soil roughness but we 
supposed to introduce this method to microwave remote sensing surface roughness 
parameter (Rieke-Zapp, 2010). In recent years, working with cameras that are not 
particularly designed for the requirements of photogrammetry has become common in close 
range applications (Rieke-Zapp, 2010). For touch to the goal of this work it should 
acquisition the photos in align the plot of study which the photos must be at least 30 % 
overlap although there are different scenarios for photography which explained un the 
software tutorial carefully (Fig . 30). 
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Figure 30. Acquisition scheme for the sampling of roughness measurements with a single reference 
frame by photography capturing scenarios. 
 
Agisoft PhotoScan is used which allows image alignment without any further information. 
However, the implementation of initial estimates of camera positions is supported as well. 
General workflow is as follows: the camera orientations are calculated by image matching 
with common points and the resulting DTM is deified based on the identified camera 
positions and the images (AGISOFT, 2012). The software can work at least with two photo 
for 2D mapping the surface but for 3D at least require the ten align photo by 30- 60 % 
overlapping (Fig. 31, 32). Consequently, we captured the more than 15 photos align the each 
plot in study area at different land cover follow the research objective in bare land and sparse 
vegetation. It should be consider that for digital train model (DTM) software need to 
introduce the at least ten Ground control point (GCP) for each plot, otherwise generate the 
DTM would be impossible. And also by this option make possible to create the KML file 
and overlay the result in Google Earth. 
The processing of images by PhotoScan are includes the following steps: 
• Loading photos into PhotoScan; 
• Inspecting loaded images, removing unnecessary images; 
• Aligning photos; 
• Building dense point cloud; 
• Editing dense point cloud; 
• Building mesh (3D polygonal model); 
• Editing mesh; 
• Generating texture; 
• Exporting results (DTM) 
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Figure 31. Acquisition for reference frames by photography capturing in the field. 
 
 
 
Figure 32. The screen capture from Agisoft in the bare land photos progress to ortophoto and DTM.  
After the export the DTM in tiff format, it is possible to import in ArcGIS software and 
then by 3D toolbox made the profile stack and line feature on the target option (Fig.33) the 
tool box allowed to create the graph of the profile which is the very useful for understanding 
the surface trend (Fig. 34). 
~2 m 
40%-60% overlap 
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Figure 33. The DTM result of ground real photo of Agisoft- PhotoScan software. 
 
 
 
Figure 34. About 2.5 meter horizontal profile of the DTM in ArcGIS 3D toolbox. 
 
The graph shown along the about 2 meter profile which has different height between -17 
to 17 mm. At the result by distinguish the standard deviation of RMS height of profiles in 
different plot decided to categorized the soil surface roughness in tree group < 1.5 cm smooth 
roughness, 1.5 – 3.5 cm moderate roughness and > 3.5 cm rough soil surface (Table. 6). 
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Table 6. The classification of the rough type in study area with real ground photo of land cover 
     
 
At the result it seems this method is suitable for retrieving the surface roughness with very 
low cost compare to other method. The most important matte to this model use a high quality 
camera and select the mutual photo capture scenarios. 
 
4-8 Vegetation Effect on Soil Surface Radar Scattering 
A surfaces consists of three scattering contributions as schematized in Figure. 35 which it 
is observed the amount of scattering over vegetation covered. The first is the surface 
scattered by vegetation cover which it is the scattering component characterizes the soil 
surface contribution σ° s. A direct scattering from the canopy is represented by the second 
term σ° v  . The third is the scattering along the soil- vegetation pathway scattering 
component σ° s ↔ v. Both physical and semi-empirical models simulated from vegetation 
covered surface as the sum of these individual component according to;  
 
                                         (4. 2) 
Roughness Type RMS Height Ground Real photo 
 
 
Slightly rough 
 
 
< 1.5 cm 
 
 
 
Moderate rough 
 
 
  1.5 – 3.5 cm 
 
 
 
Rough 
 
 
> 3.5 cm 
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Figure 35. Scattering over the vegetated surface, 1) scattering attenuated by the vegetation cover, 2) 
the direct scattering from the canopy, 3) the scattering along the soil- vegetation pathways (Rogier, 
V. D. V, 2010). 
In the study area most of the land cover is bare land and some part sparse vegetation, for 
the well understanding before going to field work we tried to make the NDVI and soil adjust 
vegetation index (SAVI) using Landsat data which demonstrate the soil and vegetation cover 
(Fig. 36). As it is clear most of area except the northern part which it is mixed land cover 
with crop land and fallow and wasteland (before it was cropland) and some part in the south 
east which is the sparse vegetation. Finally, we did not apply such improvement model for 
removing the vegetation attention in study area. 
Figure 36. The NDVI and SAVI index of study area which screen the vegetation and vegetation with 
soil background, the green color in SAVI is vegetation index and red is soil background. 
±
0 6 12 18 243
Kilometers
0 6 12 18 243
Kilometers
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Chapter 5 
 
 
 
 
 
5- Soil Moisture Dielectric Constant and Interrelationship with Soil texture and Land 
Cover 
5-1 Introduction 
We explain in chapter 3 about microwave behavior of soil properties and dielectric 
constant characteristics. In this chapter, we are writing about the dielectric constant behavior 
of Aridisols in arid and semi-arid region in 0.3 -3 GHz frequency range. After we collect the 
soil samples in the field, (chapter 4) the soil samples was analyzed in the microwave remote 
sensing laboratory with varied range of moisture content, which we managed it by add the 
water to samples. Then, the relationship between the dielectric constant with the soil texture 
and land cover, frequency and water content was analyzed. 
5-2 Soil Sample Collection and Preparation 
As we explained in previous chapters a thirty-five samples of soils were collected from 
different Land unit of study area, i.e. location where different soil textures and land cover 
are mined (Figure. 37). Accordingly, the land unit map was used as reference map for 
selection homogenous area for soil sampling. Land unit map was created using the geospatial 
database in GIS environment. The samples were collected based on the land unit map using 
GPS, and a soil sampling tool kit was used to collect soils from depths of 0-10 cm (top soil). 
The field work was done during early of September, 2012 (the same month that ALOS data 
was acquired in September, 2010). Since, the two years of difference time between satellite 
observation and ground field work we investigate the meteorological dataset and observed 
humidity, rain, temperature and land use of study area did not have changes much and the 
temperature and monthly precipitation was almost same on September, 2010 and 2012 
(Table. 7 and 8). On the other hand the due to the study area is wildlife recreation and 
conservative area then land use have not been changing. Whereas the almost of physical land 
properties of study area has not been change then we applied the different time for retrieve 
the soil moisture from past time, it is also one reason of title of soil moisture retrieval of this 
research. 
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Table 7. Monthly Record of Meteorological Observations of total precipitation in the Garmsar 
synoptic station. 
 
Table 8. Monthly Record of Meteorological Observations of average temperature in the Garmsar 
synoptic station. 
 
 
 
 
 
 
 
 
 
Figure 37. Field samples representative for laboratory experiments; the yellow pin are some soil 
samples position, pink polygon is the land unit map and yellow line is the PALSAR foot print. 
Soil moisture was measured by TDR (Time domain reflectance) from top soil in the field 
and laboratory (Table. 3). The soil samples was taken randomly from top soil in land unit 
type. For select the worth soil sample representation, we was tried to takings the four samples 
in four different direction with ten meter distance regarding the PALSAR image resolution 
and after the mixed them to gather and made the one sample (Figure. 37). Once completed, 
a one-half kilogram of soil was taken and kept within a double zipping plastic packet for 
Monthly Total Precipitation 
Year Mar Apr May Jun Jul Aug Sep Oct Nov 
2010 12.2 23 4.2 0 0 0 0 2.2 17.8 
2012 7.8 37.3 0.4 4.3 0 0 0 4.1 8.7 
Monthly Average Temperature 
Year Mar Apr May Jun Jul Aug Sep Oct Nov 
2010 16 20.5 25.7 32.7 34.9 31.2 27.4 23.4 23.4 
2012 10.7 19.8 26.4 30.5 33.3 32.3 27.5 20.9 27.5 
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carriage to the laboratory. In this research, soil samples for laboratory experiments were 
prepared under seven different steps of field moisture conditions dried soil, 10%, 20%, 30%, 
40% and finally saturated soil. The soil samples in the laboratory, once moisture were 
measured again by TDR and weighted carefully as field moisture condition. These fine 
articles were removed, spread in a thin layer and dried in open air for three days to make the 
dried soil condition, and then the bulk density was calculated (Equation. 5.1). 
BD=M/V                                                          (5.1) 
Where M is mass of the oven dried compacted material in milligrams and V is the volume 
of the soil in meter cube. 
The Wilting Point (WP) and Transition Moisture (Wt) of the soils are calculated by using 
the Wang and Schmugge (J. R.Wang., 1980., A. Ghosh,. 1984., Marttit, Haillikainen., 1985) 
model as follows: 
Wp= 0.06774 – 0.00064 × Sand + 0. 00478 × Clay                         (5.2) 
Wt=0.49 × WP + 0.165                                               (5.3) 
A Soil samples were assigned under different moisture conditions by removing the exact 
amount of soil inside the cup and, then added the exact amount of water equal to volume of 
dry soil mass to meet the soil moisture percentage as 10%, 20%, 30% and 40%. Soil samples 
were oven dried at 120 Celsius for twenty-four hours to completely remove any moisture 
contents. The soil samples of saturated moisture contents were then prepared by adding an 
exact amount of distilled water to the dried soil. These soil samples of desired moisture 
contents (%) served as the basis for measuring their dielectric properties using a microwave 
dielectric constant tool kit (http://www.keysight.com). Extreme care was taken in the 
laboratory to expose the moist soil to the atmospheric air as little as possible. 
 
Wc (%) = [(weight of wet soil - weight of dry soil) / (weight of dry soil)] x 100   (5.4) 
 
In the present study a five typical soil textures were selected as representative of the study 
area among the thirty five samples. The soil physical and chemical properties were obtained 
from laboratory testing (Table. 9) 
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Table 9. Physical properties of soil samples in study area. 
 
5-3 Dielectric Measurement for the 0.3-3 GHz Range 
In microwave soil moisture remote sensing, determining the soil moisture by measuring 
the value of dielectric constant is important. This is because the emissivity and back 
scattering coefficient of soil at each frequency is simulated and the soil moisture on the 
ground surface is extracted from the satellite data. In an alternating electric field, permittivity 
varies with applied frequency. This frequency dependence can be described by the complex 
permittivity 
       ε∗ = ε′ – jε′′                                                 (5.5) 
 
Where ε′ is the dispersive part and the ε′′ is the absorptive part of permittivity. Because 
of the relatively high frequency of the system the real part ε′ of permittivity is frequency 
dependent on the water content in the soil. At low frequencies, the values of ε′′ are very 
small, and thus not of much interest, for determination of water content in soil. Equation 
(5.6) is a function of the water content in a porous materials. The real part ε′ can be expressed 
as 
                                              (5.6) 
 
Where λ0 is the free space wavelength, λc is the cutoff wavelength, and α and β are the 
attenuation and phase constants respectively. These variables can be measured 
experimentally. Using these values, the value of dielectric constant (ε′) can be determined 
using equation (5.6). 
Field 
No 
Soil 
texture 
Sand % Silt % Clay % Bulk 
density 
(g/cm3) 
 
Wp 
(Wilting 
point) 
Wt 
(Water 
transition) 
TDR 
Soil 
Moisture % 
Gravimetric 
soil 
Moisture % 
Land 
cover 
23 Loam 30.2 54.1 15.7 1.58 0.003 0.16 3.3 3.12 Sparse 
vegetation 
21 Silt 
Loam 
18.2 68.2 13.6 1.82 0.068 0.19 8.6 6.92 Bare land 
14 clay 57.6 33.3 9.1 1.60 0.008 0.16 10.6 7.6 Bare land 
9 Silt clay 9 52 39.1 1.50 0.38 0.30 25 17.11 Sparse 
vegetation 
1 Sand 82.1 12.6 5.3 2.30 0.08 0.2 2.3 1.8 Bare land 
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Overall, more than 520 measurements, for a total of 35 samples, of 𝜀΄ and 𝜀" were 
performed, from 0.3 to 3 GHz, on four different soil textures subjected to various moisture 
conditions. The first step in the analysis of the data was to compare the measured values with 
those calculated on the natural soil basis of the 𝜀΄ and 𝜀΄΄ outlined in the dielectric constant 
tool kit (Fig. 38, Fig. 39 and Fig. 40).  
 
Figure 38. The section plot of dielectric constant measurement in different soil texture at L-band. 
 
To overcome the uncertainties of the dielectric constant values for the different types of 
soil and moisture conditions measured by TDR (Time domain reflectance). Soil samples 
were collected for analysis in the laboratory in table 5.1. the properties of the measured soils 
are presented. 
The measurement of the dielectric constant was performed in seven steps by changing the 
moisture constant of each sample in the natural field soil, 10%, 20%, 30%, 40% and saturated 
soil, and finally oven soil (Fig. 39). In order to reduce the error on the obtained values, the 
same measurements were repeated five times. Considering the cap sizes in Figure. 39 and 
40 the according the sample volume in ml and the water volume for each studied water 
volume is presented on Table. 10. 
Table 10. Water quantity equal to volumetric humidity. 
 
Soil moisture volumetric (%) Water volume (ml) 
10 27 
20 54 
30 81 
40 107 
 
For each soil texture the measurement procedure was the following: 
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- Measurement the soil moisture of natural filed by TDR weight it and then measured the 
dielectric constant. 
- To dry completely the soil inside an oven at 110ºC in 24hr. 
- Introduce the soil sample inside the regular cup and   weight it after sieved the gravel. 
- Dielectric tool kit calibration. 
- Measurement of samples 𝜀΄ S parameters’ and computation the dielectric constant. 
- Introduction 27 ml of water (10% water content) uniformly distributed in the cavity. 
- Weight of the new sample for gravimetric soil moisture. 
- Measurement of samples dielectric constant for each soil texture and computation of the 
dielectric constant for the next water content for instance 20% then repeat for same soil 
texture. The Figure. 39 shows the progress steps in flow. 
 
 
 
Figure 39. Soil samples analysis progress for dielectric constant measurement. 
 
A network analyzer coupled with an open air probe technique was used in the measurement 
of the soil dielectric constant. The measurement frequency was from 0.3 to 3 GHz with 200 
sampling points. We tried to this frequency range because we have supposed to detect the L-
band same as ALOS PALSAR data (Figure. 37).  
The real and imaginary parts of the complex dielectric constant of different soil textures in 
different land cover with varied moisture content have been determined experimentally under 
laboratory conditions. The dielectric constant relative permittivity (ε΄) has a variable 
dependent to frequency and decreases with increasing frequency. The imaginary part (ε΄΄) of 
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the dielectric permittivity is usually expressed in terms of dielectric losses, which include free-
water relaxation and bound-water relaxation and losses dispersive as well as. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 40. Laboratory experiment by dielectric constant measurement tool kit (a) and (b), and the 
sample of result shown in the right table.  
 
5-3-1 Analysis of the Laboratory Dielectric Constant Measurement 
 The complex dielectric constant is composed of two parts, the real and imaginary. Here, 
we will refer to the average relative dielectric constant of the soil, for soil surface the real 
part is always greater than the imaginary part.  
The different soil textures have various textures due to the diverse particle size. This 
texture can affect the speed and height of water movement through water capillary action in 
the soil. The texture types representative of this region include five types of soil texture - 
sand, loam, silt loam, silt clay and clay which are regularly distributed from the north to 
south parts of study area (Figure. 37). The five representative samples were selected and 
systematically analyzed at 0.3 to 3 GHz frequencies by dielectric tool kit at microwave 
remote sensing laboratory (Fig. 38, 40 and 41). 
 
 
 
 
 
Frequency 
(GHz) 
ɛ΄* ɛ΄΄** 
1.218 2.9413 0.2683 
1.231 2.6011 0.7203 
1.245 2.5535 0.546 
1.258 2.8473 0.0403 
1.272 3.1225 0.2968 
1.218 2.9413 0.2683 
* ɛ΄: Real part, ** ɛ΄΄: Imaginary part 
(a) 
(b) 
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Figure 41. The out result of analyzer network tool kit of dielectric constant (ε’) of dry clay soil (a), 
clay soil with 10 % (b) and clay soil with saturated moisture content(c). 
 
All of the five different soil texture were analyzed under variable the water content 
ranging from dried soil to saturated soil in seven steps (Figure. 39, 40 and Table. 9). In 
general, the clay soil was able to reserve more water than any other soil texture, while the 
water capillary of loamy soil texture increased comparatively faster and to a superior height 
to clay and sandy soils (Verhoest N.E .C., 2008, O. P. N. Calla., 2002).  
The soil bulk density also shown has relationship with dielectric constant indirectly by 
amount of soil particles. Permanently, the sandy soil has much amount of bulk density than 
loam and clay soils and its relationship with dielectric constant is linear (Table. 9). 
Given that there is such a strong dependence of dielectric permittivity on the volumetric 
moisture of a sample at any one frequency, it appears reasonable that one might be able to 
turn that concept around and use it to predict soil moisture from dielectric permittivity 
measurements. At frequencies below 1.5 GHz, ε’ is only weakly frequency-dependent and 
dielectric losses are generally low. However, at these low frequencies, ε’ and ε” are very 
sensitive to changes in soil water content. In addition, below around 900 MHz, ε’ depends 
strongly on soil type. At frequencies above about 1 to 1.5 GHz, the ε” increases with 
increasing water content. 
The volumetric water content range used in the laboratory was between 10% and 40%. 
Typically, the real part 𝜀΄ slowly decreased with an increasing frequency, the imaginary part 
𝜀΄΄ rapidly decreased with an increase of frequency, especially in the low frequency range, 
however we did not used the wide frequency range and so it was tough to discriminate. 
Furthermore, the same 𝜀΄΄ variation pattern from different soil experimental measurements 
was observed. 
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Figure 42. Frequency variations of the real (a) and imaginary (b) parts of the dielectric constant of 
the sample derived from laboratory measurements at different moisture content levels. 
 
The volumetric water content range at laboratory was in 10% to 40%. The graph trend 
shown that typically, the real part 𝜀΄ slowly decreases with an rising of frequency, the 
imaginary part 𝜀΄΄ rapidly reducing with an increase of frequency, especially in the low 
frequency range, however we did not used the wide frequency range and it was tough to 
discriminate. Furthermore, achieved the same 𝜀΄΄ variation pattern from experimental 
measurements (Figure. 42). 
 
5-3-2 Water Contents Effect on the Dielectric Constant 
In this step of the research, we measured the four major soil textures-sandy, loam, silt 
loam and clay soil with a frequency of 1.27 GHz; the same as ALOS PALSAR data. The 
results showed that both the real and imaginary parts increase exponentially with the 
moisture content (Figure. 43). However, different soil textures showed different sensitivities 
to moisture content. For instance, the clay soil had the sharpest increase in dielectric constant 
as soil moisture increased, while silt clay and sand increased more gradually (and less 
significantly). The increasing tendency of 𝜀΄΄ with increasing soil moisture can be explained 
by the higher amount of water, particularly the free water surrounded by the soil particles. 
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More precisely, since the first amount of water added to dry soil condition, we observed 
that the real part did not experience a perceptible change. It is expected that in this step, a 
tight-bound step in a tight bound water cause only slight increasing of the real part of 
dielectric constant. When more water added an overhead the transition moisture value the 
real part rapidly increases due to the behavior of water molecules. The same result was 
mentioned before by Yang-yang Li, et al (Yang-yang Li., 2014). 
 
 
Figure 43. The effect of moisture content on dielectric constant in different soil texture at L-band 
 
5-3-3 Soil Texture Effect on the Dielectric Constant 
Soil texture is defined as one of soil’s physical properties, and it is important to consider 
the different combinations of soil particle sizes. Soil characteristics such as soil fertilizer 
levels, water contents has a relationship with soil texture. Hence, it cannot be when the soil 
dielectric constant is analyzed. Dielectric constant varies with soil texture because soil 
moisture is affected by the relative amounts of sand, silt, and clay (soil texture) in the soil. 
The effects of soil texture and land cover on dielectric constant are shown in Figure. 44 
and 45. For the oven-dried soil condition, both the 𝜀΄ and 𝜀΄΄are roughly the same for 
different soil textures. Only the silt clay soil texture showed a sharply increasing trend 
around 30% moisture that seems to be caused by the high capacity for molecular water in 
that condition. For silt, the variation of the soil dielectric constant with increasing soil 
moisture can be divided into two parts: (i) between 𝑚V = 0 and a transition moisture level 
(𝑚𝑡) and (ii) 𝑚v ≥ 𝑚𝑡 [19]. The transition moisture is a constant for a given type of soil 
composition and varies between 0.03 for sands and 0.1 for clays, which represents the 
boundary between the bound water and the free water molecules (A. Ghosh, 1998).This 
result differs with Yang Li et, al., 2014, that they mentioned the dielectric constant are same 
for all soil textures (Yang-yang Li., 2014). 
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The particle size of different soil textures can affect the speed and height of water 
movement through capillary action in the soil. In general, the capillary water in loamy soil 
rises relatively quicker and to a greater height compared to clay and sandy soils. The five 
different soil texture types were all analyzed, and the representative texture types of this 
region are sandy and clay, silt and loam soils, which were thoroughly analyzed at L band 
frequency (Figure. 44 and Figure. 45). In Figure. 45 shown the both real and imaginary part 
increasing with rising the water content, since the after 10 % water content the free water 
and bound water increasing very fast the both of them also increasing very fast. The graph 
has been shown the imaginary part in high level water content is mostly increasing faster 
than the real part, it seems to be cause of loss factor is more sensitive to free water. 
 
 
 
Figure 44. Dielectric constant behavior of different soil textures with varies moisture. 
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Figure 45. Effect of soil texture on the dielectric constant in real part (a), imaginary part (b). 
 
5-3-4 Dielectric Dependency on Land Cover  
Another researcher has shown the dependence of 𝜀΄and ε΄΄on soil composition (Usowicz, 
B. 2010., Chaudhary, H. c. 2012., Wang. J, R. 1980., Campbell, J. E. 1990., Arya, L. M, 
1981). According to land cover types and interaction to soil textures it seems the vegetation 
has an important role in the soil development process and on the soil texture, which can 
influence to dielectric constant. For example, sparse vegetation compared with bare land in 
the study area show a higher dielectric constant (Figure. 46).  
Land cover has an indirect relationship with soil texture and water content due to effect 
of vegetation cover, plant remains, soil fertilizers, and crop residue and soil development. 
0
5
10
15
20
25
30
0% 10% 20% 30% 40%
R
E
A
L
 P
A
R
T
SOIL MOISTURE 
S1:Sand S9:Silty Clay S14:Clay S21:Silty Loam  S23:Loam
0
10
20
30
40
50
60
0% 10% 20% 30% 40%
IM
M
A
G
IN
A
R
Y
SOIL MOISTURE 
S1:Sand S9:Silty Clay S14:Clay S21:Silty Loam  S23:Loam
(a) 
(b) 
  
70 
 
Figure. 46 shows the dielectric constant behavior for different land cover types with the same 
soil moisture content and soil texture. In this figure shows the three steps of important in 
land cover and vegetation soil moisture content interaction, so called, the soil saturation; 
field capacity; and wilting pint. In the soil saturation all the free packet of soil become the 
full of water and it would happened a moment after the irrigation or rain, in this time all the 
air pocket of soil also is full of water, and pants cannot absorb the water by their roots. In 
the next stage after soil start to drainage the gravimetric water and the air pocket become 
free of water and it will go to field capacity, it is the best time for suction the water by plants. 
And in final stage the plant suck the water and also evaporation the soil moisture the soil 
free water become dry and just remain the boundary water and hygroscopic water which 
plant cannot absorb the water from soil. For instance, clay soil texture in field moisture 
condition has a higher dielectric constant than sparse vegetation because the plants use the 
maximum available water content. While the sparse vegetation shown high dielectric content 
in field capacity and wilting point (wp) because the soil is developed with plant remains and 
fertilizers. Other researchers have not noted this relationship between land cover, soil texture 
and dielectric constant. It is the purpose of this work, in-part, to address this additional aspect 
of the dielectric dependence on these attributes. 
 
 
Figure 46. Interrelationship among the soil texture, land cover and dielectric constant Imaginary part 
 
5-4 Soil Dielectric Models 
Soil samples such as peat are generally composed of different materials, e.g., earth, gases 
and water. Theoretical, semi-empirical, and empirical mixture models were proposed for 
determining the dielectric constant of soil materials, such as the model by Dobson, Wang 
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and Schmugge, 1998. Soil not affected by salt is usually considered to be a mixture of four 
components: soil, air, free water, and bound water. To describe the dielectric constant of 
such a mixture, Dobson et al. 1995 developed a semi-empirical model for soil. Given a bulk 
density 𝜌𝑏 and specific density 𝜌𝑠, the model is described as    
                                                                
                                   (5.7)                                                                                               
where 𝛼 = 0.65, 𝜀𝑠 = (1.01 + 0.44𝜌𝑠)2 − 0.062 is the dielectric constant of soil particles, 
𝛽 is a coefficient expressed as a function of sand and clay contents, 𝑚V is the volumetric 
soil moisture content, and 𝜀𝛼𝑓𝑤 is the dielectric constant of the free water. The soil surface 
temperature is fixed at 23∘C, which is acceptable for an average value of sampling soils. The 
bulk density used in the Dobson model is 1.6 g/cm3, there was an average value of 23 ground 
points.  
                        (5.8) 
where ε΄m and ε΄΄m are the DC and LF of the moist soil, respectively, ε΄s is a composite 
DC of the soil mineral contents, mv is the volumetric moisture content, ρb is the bulk density 
in grams per cubic centimeter, ρs is the specific gravity of the solid soil particles, α = 0.65 
is an empirically determined constant, and β΄ and β΄΄ are the empirically determined soil-
type dependent constants given by β = 1 
                               (5.9) 
where S and C represent the percentages of sand and clay, respectively. After we prepared 
the all input information for those model, which was usually supported by dielectric constant 
data and soil texture in laboratory. The analysis of the Dobson and Wang and Minorov model 
for clay soil texture has shown in Figure. 47. (Minorov, et all., 2009). 
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Figure 47. Comparison of the dielectric constant (a) real and b) imaginary parts, blue line: Mironov 
model. Red line: Dobson model and green line: Wang model for clay soils. 
 
5-5 Retrieving the Soil Moisture Using ALOS PALSAR Data  
Many approaches have been developed to retrieve soil moisture from microwave 
measurements, which can be grouped into two main categories: statistical techniques and 
forward model inversion. Statistical approaches are generally based on the regression 
analysis between measured physical parameter, backscattering and surface soil moisture. For 
each group of satellite observations, regression relationships are established between 
measured parameter and backscattering. Statistical approaches are simple and efficient, 
which have demonstrated the capabilities of microwave remote sensing techniques for 
monitoring soil moisture.  
Linear inversion is based on a simple least squares fitting of the desired parameter and model 
simulations of the backscattering coefficient, and is often applied at larger spatial scales 
(Baghdadi, N., 2007., Anguela, T.P. 2014). 
While the accepted relationship between backscatter and soil moisture is non- linear, the 
relationship between radar backscattering signal and surface soil moisture could be 
approximated by a linear function. If the relationship is assumed non-linear, the form of the 
non-linear model used in inversion varies from exponential to polynomial (Baghdadi, N., 
2007). 
In this research we derived the land unit map and found the surface roughness average with 
field observation and made the polynomial regression in multi inversion for retrieving the 
soil moisture map. In order to retrieve the soil moisture, a regression model (Equation. 5.10) 
with dielectric constant data and backscattering was made and applied to PALSAR data in 
HH and HV polarization mode (Figure. 48 and 49). 
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Mv=-0.2852  +3.0403  - 32.518                                    (5.10)      
Mv=0.0042  - 0.1821 - 15.324 
 
 
 
 
 
 
 
 
 
 
 
Figure 48.The relationship between backscattering intensity PALSAR data and dielectric constant 
measurement. 
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 49. Retrieving the soil moisture map using ALOS PALSAR dual mode. 
 
5-6 Dielectric Constant and Soil Moisture Summary 
As expected, both real and imaginary parts of the dielectric constant increase with water 
content. For the real part of the dielectric constant measured is was in better agreement with 
the results obtained with the Wang model than with the Dobson model. For the imaginary 
part, the behavior derived from our experimental data, always predicts higher values than 
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the other two models. The result of dielectric constant properties has shown not so much 
variation of the permittivity and imaginary part of the dielectric constant with frequency of 
L-band (1- 2 GHz) is appreciated for any kind of soil and moisture content. However, at 
frequencies above about 1 to 1.5 GHz the ε” rising with increasing water content. At 
frequencies below 1.5 GHz ε’ is only weakly frequency dependent and dielectric losses are 
generally low. The dielectric constant 𝜀΄ to be more sensitive than ε΄΄ to soil moisture, 
particularly for saline soil which can be identified by the 𝜀΄ component of ε΄΄. The result of 
simulated dielectric constant by AIEM model shown a little over estimated with comparing 
with measured one. Soil moisture content has the biggest effect on the dielectric constant. 
Soil texture has the second biggest impact on the value of the dielectric constant, followed 
by soil salinity. However the moisture content also depends on soil texture and soil texture. 
The clay soil has demonstrated the highest emissivity values, followed by loam, silt and 
sandy soils types, in that order. After comparison between measured soil moisture in 
different soil textures and estimated soil moisture by using Dobson and Wang model, we 
observed that the model was overestimating soil moisture. The land covered also has good 
agreement by dielectric constant in each level of soil moisture content even in same soil 
textures. The image classification need to improve the regression model and increase the 
correlation, addition in mountain observed the some noise which because of roughness and 
geometric characteristics. The soil moisture map compression has shown the HV mode has 
overestimated soil moisture particular in sparse vegetation land cover and sandy soil with 
light roughness. Tring to soil moisture inversion with empirical, semi-empirical would be 
help for find the best model in study area with better accuracy. We was validate the soil 
moisture map using ground truth soil moisture and we observed the 59% accuracy for the 
soil moisture map. 
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Chapter 6 
 
 
 
 
 
6- Soil Moisture Backscattering Model using ALOS PALSAR Dual and Quad 
Polarization 
6-1 Backscattering Models and Soil Moisture Retrieval Technique 
In the last decades a numbers of models have been developed to quantitatively invert land 
surface parameters, i.e. soil moisture and roughness, from radar measurements. These 
models have been varying from physically based, theoretical approaches to experimental 
relationships to their complexity and validity ranges. In this chapter we are going to 
introduce and review of different approaches for the estimation of soil moisture content from 
SAR imaging is provided. Some other technique also apply for soil moisture estimation such 
as statistical method, neural network and delta indexes (Sue Nicolas, et all., 2011., Thoma, 
D. P. et all., 2006). 
The backscattered signal σ° is received by the radar sensor as an electromagnetic 
microwave emission. Then backscatter radiation is converted to decibel values using the 
following formula (Baghdadi N., et. all, 2007): 
1σ∘dB=10log 10(σ∘)                       (6.1)   
In the radar backscatter signal modeling, three kinds of models have been used for soil 
moisture estimation: empirical models, semi-empirical models, and theoretical (physical 
based) models. 
Theoretical model. Basically, the theoretical models are derived under restrictive 
theoretical basis to predict the general trend of radar backscatter in response to changes in 
soil roughness or soil moisture (Walker J. P., at all, 2004). Theoretical backscatter models 
are working for describing the soil surface properties based on a theoretical perspective. 
Furthermore, theoretical model has possibility for application at different soil characteristics 
using different sensor properties. Though, the backscatter comes from the all part of 
vegetation it is difficult for theoretical models to represent all the architecture of the 
vegetation canopy in one model. Thus, some models are designed to present only the branch 
part whereas others present leaf part, only. Theoretical modeling is sensitive to surface soil 
roughness and vegetation. Therefore, a small deviations in soil roughness can cause a large 
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difference in the calculated backscatter. Hence, these models are expected to be as highly 
sensitive to signal backscatter (Thoma D. P., et all., 2006).  
Empirical models. For achievement of empirical backscatter models a researchers tried to 
collecting the measurement parameter from several site experiment measurements of the 
backscatter signals (σ°) which it is reflected from the soil surface to the radar sensor. The 
measured data are used to establish general boundaries or conditions that can be applied to 
obtain reasonably accurate soil-moisture results. However, if the set of conditions is changed, 
such as frequency, incidence angle, surface roughness, vegetation density, topography, etc. 
might be the empirical models not be applicable. In consequence, the researcher may do not 
introduce the desirable correlation results with the field measurement under a different set 
of conditions (Oh Y., et all, 1992). Some empirical models are designed based on using 
different sensor polarization, which is either vertical or horizontal, to estimate soil roughness 
and soil moisture, such as Wang( Xiao W., et all.,005), Dubois( Dunne  S. C., et all., 
207), and Oh models (Oh Y., et all, 1992). 
Semi-empirical model. Semi-empirical models are derived from experimental data to 
develop empirical fitting of backscatter measurements for the soil surface (Bindlisha R., et 
all., 2001). Semi-empirical models provide a detailed description of radar backscatter of soil 
moisture, and they might be applied when little or no information about surface roughness 
for deriving these models is available. These models find an agreement between empirical 
models and theoretical models by having common rules derived from both models. (Ursoa 
G., et all., 2009). Oh proposed a semi-empirical model of the ensemble-averaged differential 
Mueller matrix, which uses backscatter signal on bare soil. The two other commonly used 
soil moisture retrieval methods are statistical analysis technique and neural networks. 
Statistical analysis technique. It is important to know that how total water can preserve 
by a soil by different properties of the soil such as texture, structure, organic content, and 
clay minerals (Stewart & Sumner, 1992). For illumination of the relationship a various 
regression equations have been established of how those properties effect and on the water 
content at different suctions. The most of those equation was built an arranged regression 
coefficients for the prediction of water contents and soil properties such as the sand, silt, clay, 
and organic matter contents, as well as the bulk density (Gupta and Larson (1979). But, it 
can works appropriately for moisture estimated when these soil properties are known very 
well. 
All kinds of remote sensing data that have been mentioned above can be used in the 
methods for soil moisture estimation. Most of this statistical analysis is represented by a 
linear regression analysis, which is widely used between the two variables. Many statistical 
methods that have been implemented to retrieve soil moisture are based on converting the 
emitted microwave radiation, from the surface to the sensor, into mathematical values that 
can be statistically analyzed. The more linearly the relationship is drawn, the better the 
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accuracy and correlation between the estimated soil moisture and the measured soil moisture 
can be determined.  
Firstly, tow variable of the backscattering of HH and HV polarization of PALSAR data 
and soil moisture measurement are determined (Fig. 50). Then the regression model between 
of them will apply to SAR image for retrieving the soil moisture (Fig. 51). 
 
 
Figure 50. Backscattering coefficient and soil moisture relationship. 
 
We are selected the four point from samples that shown the diverse backscattering in the 
above chart and made extracted the relation information of each pint respectively in Table. 
11. The result shown the most affected to backscattering is the first cause of surface 
roughness then soil texture. 
 
Table 11. Comparison of the point selected from backscattering intensity in different soil texture 
and roughness category. 
 
ID Dielectric 
Constant 
HV HH Soil textures Roghness MV%  
Point 1 3.96 -14.424  -3.168  sandy rough 7.3 
Point 2 10.34 -28.832  -14.761  clay Slightly 
Rough 
42.6 
Point 3 3.45 -28.969  -17.526  sandy Rough 8 
Point 4 3.55 -11.469  -17.439  clay Rough  5.6 
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Finally, by apply the regression model with the backscattering coefficient of HH and HV 
mode the soil moisture map is retrieved. Although, the correlation is low but other researcher 
also could not get better relationship. Since, of the backscattering affected by other parameter 
such as sensor parameter (Frequency, polarization, incident angle) surface roughness. The 
Figure. 51 present the soil moisture mapping result of regression model. 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 51. The soil moisture map by statistical method. 
 
Soil moisture index based on backscattering coefficient technique which proposed by 
Sano et al., (1998). The backscattering normalizing and modification to evaluate backscatter 
from a dry reference scene and a wetter scene of interest by the difference of pixel values to 
the dry scene value. The delta index is working base on the relative change of backscattering 
of two image in dry and wet season. Therefore the delta index should be interpreted in light 
of dry scene soil moisture. This is because at least a small amount of residual soil moisture 
in any dry scene backscatter. After select the two images which represent of dry conditions 
and wetter conditions in the other with different time then it should be co-registered, then 
the delta index is defined on a per pixel basis as  
                                           (6.2) 
where dry backscatter (decibels) from a pixel in a radar image representing dry soil 
conditions, and wet radar backscatter (decibels) from a pixel in the same geographic location 
representing wet soil conditions at a different time (Thoma et al, 2006). The delta index is 
be able to quantifying the change of more dry image period with negative backscattering to 
more wet image period with the positive backscattering number. In soil moisture terms this 
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is a change in the positive direction, since backscatter values are always is negative. For 
reflects of the positive change in soil moisture status the absolute value is necessary to scale 
the delta index to a positive range. We applied the delta index by ALOS FBD and FBS image 
from two different dry (September) and wet season (March) on the study area. The Figure. 
52 Show the delta index of soil moisture map in study area. 
The RMS error taking into the observation soil moisture point and prediction soil moisture 
by those model’s result. The accuracy test for the statistical method achieved the 4.2 Vol-% 
RMS and 3 Vol-% RMS for the Delta index. 
  
 
 
 
 
 
 
 
 
 
 
 
 
Figure 52. The soil moisture map result of delta index. 
 
6-2 Advanced Integral Equation Model 
The alternative theoretical approach for the retrieval of soil moisture and/or surface 
roughness from active microwave data which named the Integral Equation Model developed 
by Fung et al. (1992; 1996) offers an. The IEM model is compared to other theoretical 
models like KA, POM, GOM, or SPM valid for a wider range of roughness conditions. 
However, it should be noted that, in return, the IEM requires a multitude of parameters such 
as surface RMS height, surface power spectrum of the surface correlation function, and 
correlation length. Furthermore, it is needed a sensing configuration parameters such as 
frequency (or wavelength) and look angle, as well as permittivity of the soil. It was 
demonstrated in several studies which there is difficulties to provide the all these variables 
in the IEM, especially the roughness-related parameters (Oh & Kay, 1998; Davidson et al., 
2000; Mattia et al., 2003a; Callens et al., 2006),. Additionally, has difficulty to directly invert 
soil moisture and roughness parameters from reflectivity measurements over natural terrain 
surfaces because of the complexity of this model along with the inherent relationship 
between soil dielectric constant and radar data make. 
±
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As we mentioned in chapter two that the radar backscattering coefficient of a bare soil 
surface is a function of roughness (RMS height) soil (texture, structure, density), and soil 
moisture. By this definition the soil surface conditions described by the autocorrelation 
function of a correlation length and random surface height. Followed by the electromagnetic 
scattering theory, in natural terrains which has a small RMS slope, multiple scattering is not 
significant, and thus, single scattering will dominate in most situations (Beckmann & 
Spizzichino, 1987), Then, only co-polarized backscattering coefficients are considered by 
the AIEM. We have applied the AIEM (Advanced IEM) to the dual polarization PALSAR 
data for simulate the backscattering coefficient.  
6-2-1 L- band SAR Backscattering Coefficient Using AIEM Model  
 Dielectric properties has a significant relationship with the backscattering and actual 
SAR data. In addition, study the typical types of soils in arid regions, named “Aridisols” in 
soil taxonomy, under different soil texture and land cover conditions. The backscattering 
coefficient at each ground sample position is then simulated using the advanced integral 
equation model (AIEM) and improved by water-cloud model and compared with the actual 
value of σ° obtained from ALOS PALSAR data. The information from this study can be 
useful for dielectric constant modeling and back scattering modeling as well as microwave 
sensor calibration and design (Calla, O. P. N., 2002., L. M. Arya., 21981). 
The ALOS PALSAR image from September 16, 2010, was acquired for the study area in 
the Fine Beam Mode (FBD). We selected the September image due to the driest month and 
always almost no rain was happened in the study. The information of the SAR dataset is 
shown in Table. 12. Before using the SAR data, radiometric calibration, filter processing, 
speckle noise removing and geometric correction were done (Fig. 53). 
 
Table 12. The acquired SAR images in study area. 
 
 
 
 
 
 
 
 
 
Figure 53. The ALOS PALSAR image (HH mode in dB) of study area. 
Frequency GHz (band) 1.27 (L-band) 
Wavelength (cm) 23.62 
Polarization HH, HV 
Acquisition mode FBD 
Processing level 1.1 
Resolution/m 10 m 
Orbit Ascending Ascending 
Acquisition date 16.9.2010 
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6-2-2 Laboratory Measurement of the Dielectric Constant 
In this study, we measured the dielectric constant for thirty-five samples with different 
moisture contents (from dry soil to 40% moisture content in a seven steps). A network 
analyzer coupled with an open air probe (Agilent 85070E dielectric tool kit) technique was 
used in the measurement of the soil dielectric constant (http://www.keysight.com). The 
measurement frequency was from 0.3 to 3 GHz with 200 sampling points. This frequency 
range was used in order to be consistent with observations from the ALOS/PALSAR satellite 
launched by JAXA in 2006 (http://www.eorc.jaxa.jp/ALOS/en/about/palsar.htm ). 
The real and imaginary parts ε΄ and ε΄΄ of the complex dielectric constant of different soil 
textures in different land cover with varied moisture content were determined experimentally 
under laboratory conditions. The real part (ε΄) is often expressed as the relative permittivity 
(εr), which is the ratio of the electric-field storage capacity to that of free space (M. C. Dobson,. 
1985). The relative permittivity is a frequency dependent variable and decreases with 
increasing frequency (J. E. Campbell., 1990). The imaginary part (ε΄΄ of the dielectric 
permittivity is usually expressed in terms of dielectric losses, which include dispersive losses, 
as well as free-water relaxation and bound-water relaxation losses. The detailed of this section 
was explained in the chapter 5. 
6-2-3 Backscattering Model  
For assessing the effect of soil moisture on radar signal and comparison with satellite-
derived SAR data, the first step is to remove the part of the backscattering cross section 
that can be attributed to known models. This is done so that the residual effects of the model 
and observation can be analyzed, as well as to compare the models with the observations.  
For these models, the dielectric constant, surface parameter and sensor parameters need to 
be computed. There are several backscattering models proposed by different researchers 
(theoretical, physical and empirical models), such as the SPM (small perturbation model), 
and the POM (physical optic model) introduced by F. T. Ulaby et. al., in microwave remote 
sensing, the DM (Dubois model) proposed by Dubois et al. and the IEM (integral equation 
model) and AIEM (advanced integral equation model) proposed by Fung et al. Different 
models have different application fields (Table. 13) (Yang-yang Li., 2014). 
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Table 13. Application field of different backscattering coefficient models. 
Where 𝑘 = 2𝜋/𝜆 is the wave-number, 𝜆 is the wavelength of electromagnetic wave. 
 
The POM model is useable when the RMS surface slope is small relative to the wavelength 
and the Dubois model is appropriate for frequencies between 1.5 GHz and 11 GHz. The 
comparison of the above models illustrate the model based on the IEM is the most appropriate 
model for different surface types. This approach was reported by Fung and Chen as well, 
where the phase of Green’s function in a higher order term was ignored. This phase was later 
retained by Hsieh and Fung by fully including the phase effect in Green’s function to achieve 
better accuracy in bistatic scattering and multiple surface scattering, especially in regions 
where the incident and scattering angles are not equal, which was primarily the case for the 
AIEM (Yang-yang Li., 2014). Hence, we applied the AIEM to simulate the single 
backscattering coefficient of arid soil by only considering the surface scattering term. The 
single backscattering coefficient of the AIEM model is expressed as: 
σ°pp =
K
4π
exp(−4𝐾2𝑧 𝜎2) × |2𝑘
2𝜎 +
𝜎
4
 (𝐹𝑝𝑝1 + 𝐹𝑝𝑝2)|
2
𝑤 (2𝑘ₓ, 0)
+ ∑ | (2𝑘2𝜎)ˮ∞𝑛=2
𝜎
4
𝑓𝑝𝑝1(2𝑘𝑧𝜎)𝑛 − 1|
2                 (6.3) 
×  𝑥 =
𝑤(𝑛) (2𝑘ₓ, 0)
n!
 
 
Where 𝑝 = V or ℎ polarization, 𝜃 is the incident angle, 𝑘𝑥 = 𝑘 sin 𝜃, 𝑘𝑧 = 𝑘cos 𝜃, 𝑓VV = 
2𝑅V/ cos 𝜃, and 𝑓ℎℎ = 2𝑅 ℎ/ cos 𝜃. The expressions 𝑤 and 𝑤 (𝑛) are the surface spectra 
corresponding to the two-dimensional Fourier transformations of the surface correlation 
coefficient and its 𝑛th power. 
Exponential statistical distribution and Gaussian and the 𝑥-power law distribution can all 
be used to describe the natural surface as described by Fung and Chen, who also showed that, 
for moderately rough surfaces, an exponential statistical distribution performs better than the 
Gaussian or the 𝑥-power law distributions (𝑥 = 1.5). In view of the relatively smooth surface 
the exponential statistical distribution was chosen for describing the surface of the AIEM 
model (Yang-yang Li., 2014., M. T. Hallikainen., and Verhoest N.E.,2008). The incident 
angle used in the model is assumed to be 35°, comparing the incident angles of the PALSAR 
image. 
Models POM SPM Dubois model AIEM 
Frequency available (GHz) All Low Frequency 1.5∼11 All 
Incidence angle (𝜃) <35° > 35∼ 40° 30°∼ 65° All 
Surface Rough Smooth All All 
RMS (𝑠) cm 𝑘 ⋅ 𝑠 > 2 All 𝑘 ⋅ 𝑠 < 0.3 0.3∼3, 𝑘 ⋅ 𝑠 < 2.5 𝑘 All 
Correlation length 𝑘 ⋅ 𝑙 > 6, 𝑙2 > 2.76 ⋅ 𝑠 ⋅ 𝜆 𝑘 ⋅ 𝑙 < 3, 𝑠/𝑙 < 0.3 _ All 
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6-2-4 Comparison of the Simulated Backscattering Coefficients and ALOS PALSAR 
Backscattering Coefficient 
The dielectric constant data is an input parameter in the AIEM, with an incident angle of 
34˚, the same as for obtaining the SAR image. The average values of roughness parameter 
of the RMS height (𝑠), 0.35 cm, and the correlation length (𝑙), 4.5 cm, were used as the inputs 
for the model. The backscattering coefficients of HH and VV polarization of PALSAR data 
were derived using the AIEM model. The backscattering coefficients of the ALOS PALSAR 
images after speckle noise removing and radiation calibration for conversion in dB were 
extracted according to the coordinates of ground truth samples for comparison. In this step 
before extract the σ° of samples we was applied the focal function with 3*3 window for be 
an average of the values of the neighbor pixel. The comparisons of backscattering coefficient 
of model simulation and image values of the samples with HH and VV polarization results 
are shown in Figure 54 (a) for HH polarization and (b) for VV polarization.  
 
 
 
Figure 54. Simulated backscattering coefficient compared to the ALOS PALSAR images of the 23 
ground samples, with VH polarization on (a) and HH polarization on (b). 
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The relationship between the simulated and 𝜎°  image shown in Figure. 54 and the 
correlation coefficient is 0.2869 and 0.3853, respectively. The correlation between the 
modeled value and image value was relatively weak, possibly due to the influence of mixed 
pixels containing bare land and sparse vegetation or agriculture in some areas. As was shown 
in Figure 1, the study area consisted of a mixture of sparse vegetation and bare soil distributed 
randomly, resulting in these mixed pixels. Some researchers tried to improve this problem 
with apply the water-cloud model to consider about the vegetation affect and mixed pixel 
(Yang, et al., 2014). For improving the effect of mixed pixel we was applied the water-cloud 
model, equation 6.9 which use as a vegetation correlation model into the soil backscattering.  
 
σ° con (θ) =  σ° veg (θ) +  𝛾² (θ) σ° soil(θ),                            (6.4) 
 
where σ° veg (θ) = 𝐴 cos(θ) [1 −   𝛾2(θ)], 𝛾2(θ) = exp[−2Β𝑚𝜈 − cos(θ) , and Mv 
is the vegetation water content, which is possible to drive by optical sensor and using water 
content index. The A and B parameters are vegetation parameter of the semi-empirical model 
0.0012 and 0.091 respectively (Yang, et al., 2014). 
The recently-launched ALOS 2, which has similar frequency and polarizations to ALOS 
PALSAR but a higher spatial resolution (up to 1m x 3m resolution), may help overcome these 
problems due to mixed pixels. With applying this model the vegetation information was 
updated according the ground soil samples and plot against the backscattering coefficient (σ°) 
of PALSAR image. The result are shown in the Figure. 55. 
However, the result has been improved and the σ° is bigger than the σ°  of the PALSAR 
image. It might be due to the different reason but we can mentioned about the complexity 
affected of two layer scatter of soil and vegetation in sparse vegetation land scape. And the 
second might be cause of the surface roughness average value which we had used this research. 
 
 
Figure 55. The mix of the vegetation area (a) with bare land (b) in study area. 
(a) 
(a) 
(b) 
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Figure 56. Comparison of the improved backscattering coefficient by water-cloud model with 
simulated backscattered coefficient of 23 samples in HH (a) and HV (b) polarization. 
 
The backscattering coefficients based on the simulated complex dielectric model were 
also analyzed. The AIEM model was shown to overestimate dielectric constant. It seems for 
AIEM, more accurate surface roughness data needs to be applied to the laboratory dielectric 
constants and compared with the backscattering coefficient extracted from radar imagery. 
The backscattering coefficients of HV polarization mode seems to be more sensitive than 
HH polarization on the water content, however the HH shown has better correlation with 
soil moisture change. This may be due to the vegetation water content in mixed pixels 
containing sparse vegetation and bare land. It may be necessary to apply additional model(s) 
for improving the simulation, such as a cloud model. The influence of water content on the 
intensity of the radar backscattering coefficient is initially considered and the phase 
parameter requires attention as a potential indicator for soil moisture detection. The result of 
water-cloud model for improvement the vegetation effect of mixed pixel has been improved 
and the σ° is bigger than the σ°  of the PALSAR image. It might be due to the different 
reason but the complexity affected of two layer scatter of soil and vegetation in sparse 
vegetation land scape might be considered. And the second might be cause of the surface 
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roughness average value which we had used this research and it should be considered about 
the more precise rough data. 
6-3 Empirical Retrieval Models 
Empirical relationships between the radar backscattering coefficient and soil moisture 
have been presented by numerous studies (Wang & Schmugge, 1980; Cognard et al., 1995; 
1996; Wang et al., 1997; Deroin et al., 1997; Weimann et al., 1998; Quesney et al., 2000; Le 
Hégarat-Mascle et al., 2002; Zribi & Dechambre, 2003).There is exists a functional 
relationship between the topsoil water content and the backscattering coefficient for a bare 
soil surface, it is also includes a roughness term which has explained in section 3.4. 
According to this conditions, many researchers mentioned either a polynomial or linear 
relationship between σ° and mv is a reliable approximation for study area, with assumption 
that surface roughness remains constant between successive radar acquisitions. Although, it 
seems to be in different studies the coefficients of these relations may vary significantly. We 
have applied the Dobson and Wang model in the dielectric constant data for retrieved the 
soil moisture in different soil texture and then with PALSAR data. For more detail back to 
chapter 5 in section of the paper. The comparison result between to model and measured soil 
moisture in different soil textures and estimated soil moisture by using Dobson and Wang 
model, we observed that the both model overestimating the soil moisture. 
6-4 Inversion Modeling Full Polarimetric For Soil Moisture Mapping 
There is an alternative method use of the polarimetric parameters such as the entropy, the 
α angle and the anisotropy to address the roughness problem. This should allow for mapping 
soil surface characteristics simultaneously. The basic theory of this idea is that the 
polarimetric signature of low depolarizing targets for example in two different land cover 
with bare or sparse vegetated fields. It is predictable which it to be very sensitive to 
geometrical properties of the soil surfaces. At that point, it would be imaginable that the 
polarimetric information to maximize the radar sensitivity, such as surface roughness. 
Consequently, a polarimetric feature extremely has sensitivity to roughness and almost 
insensitive to moisture. The other researcher mentioned that it has a strong dependence on 
the roughness state and less to soil moisture content copolarized correlation coefficient, 
expressed in a circular polarization basis (Mattia et al. 2002). In the other result showed that 
the real part of the circular coherence is more sensitive for surface roughness than circular 
coherence itself (Schuler et al. 2006). Although, further research, mainly limited to the 
assessment of the roughness parameterization accuracy, is being conducted on this topic, its 
applicability to current space-borne sensors is limited since the majority of the available 
sensors are not fully polarimetric (Hajnsek, I.pottier) 
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Polarimetric SAR (PolSAR) remote sensing offers a reliable and efficient means of 
collecting information required to extract geophysical and biophysical parameters from 
Earth’s surface. This remote sensing technique has been successful to applications in land 
monitoring and assessment, in forest, biomass, deforestation, in land cover and land use, in 
hydrology (soil moisture, flood delineation), in sea ice surface monitoring, in oceans and 
coastal monitoring (oil spill detection) etc. PolSAR represents today a very active area of 
research in microwave remote sensing, and it is important for future generations of remote 
sensing researchers. The aim of the following sections is to give an introduction to the most 
important polarimetric parameters used for the extraction of physical soil surface 
information about the scattering process properties and specially apply the inversion model 
for soil moisture mapping. A substantial introduction to the basic theory, scattering concepts, 
and applications typical to radar polarimetric remote sensing.  
It is recommended to read more and learning about the polarimetric SAR take look at the 
PolSAR tutorials provided by the European Space Agency 
(http://earth.eo.esa.int/polsarpro/tutorial.html) and further understanding this complex topic 
also in Canadian Space Agency 
(http://ccrs.nrcan.gc.ca/resource/tutor/polarim/pdf/polarim_e.pdf) and the reference books 
by Lee & Pottier (2009) and Cloude (2010).  
 
6-5 Processing of Polarimetric PALSAR Data 
To extract the full information contained in the partial polarimetric ALOS PALSAR (PLR 
mode) data we was developed a processing structure. As we have discussed before in this 
thesis, the PALSAR sensor with the coherent-on receive operation is allows decomposing 
the images by means of PolSAR techniques. Therefore, we need to process the radiometric 
calibration for obtaining the backscattering coefficients of the horizontally and vertically 
polarized channels in HH and HV polarization, and also decomposition of the scattering 
matrix into its eigenvectors and eigenvalues. The Figure. 56 has shown a simplified 
representation of the processing chain. The intensity images were processed using ENVI 
(ITT Visual Information Solutions, Boulder, USA) and the add-on module SARscape 
(sarmap, Purasca, Switzerland). The polarimetric processing was performed using the ASF 
map ready (Alaska satellite facility), NEST (Next ESA SAR Toolbox) and polarimetric SAR 
data processing and educational toolbox PolSARpro (Pottier et al., 2008). This software was 
compiled and programmed by Eric Pottier and his associates under the sponsorship of ESA 
and can be downloaded free of charge from the internet (http://earth.esa.int/polsarpro). 
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Figure 57. Process chain for quad polarization ALOS PALSAR data. 
 
Firstly, the raw data convert to single complex look (SLC) data using ENVI SARscape 
and GAMMA software. Then, import to the PolSARpro software for do the polarimetric 
SAR process. For the geometric and radiometric calibration the ASF (Alaska Satellite 
Facility) map ready software and NEST are used. The speckle noise was removed and Box 
and Lee filter with 5*5 window size was applied. 
The Quad polarized PLR acquisitions of ALOS PALSAR enable the exploitation of the 
distributed target (2x2) complex covariance matrix ([C2]) and the complete (3x3) scattering 
matrix ([C3]), raw binary data off-diagonal elements. In this research the authors use an 
eigenvector analysis of the 3x3 coherency [T3] matrix as it provides a basis invariant 
description of the scattering target with a specific decomposition into types of scattering 
processes. This original approach employs a three level Bernoulli statistical model to 
generate estimates of the average target matrix parameters. The method for extracting 
average parameters from polarimetric radar data by using a smoothing algorithm based on 
second-order statistics was first proposed by Cloude and Pottier (1997), but, this method 
does not rely on the assumption of a particular underlying statistical distribution and thus is 
free from physical constraints imposed by such multivariate models. This statistical model 
assumption and sets out a dominant “average” scattering mechanism in each resolution cell 
(Cloude & Pottier, 1996; 1997; Lee & Pottier, 2009).  
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                  (6.5) 
where ˄is the diagonal eigenvalue matrix with elements corresponding to the real non-
negative eigenvalues, i.e. 0 <λ1 <λ2 <λ3, of [T3], and [U3] is the unitary eigenvector matrix 
with columns corresponding to the orthonormal eigenvectors e⇢1, e⇢2, and e⇢3 of [T3]. 
The decomposition of [T3] into three single scattering components described by [T31], 
[T32], and [T33]. In terms of power, the contribution of each matrix is given by the 
appropriate eigenvalue. The sum of the three eigenvalues is defined as the span or the total 
power received from the scattering target and it would be very useful for detecting the 
homogeneous and heterogeneous area in polarimetric SAR image. 
                       Span=λ1+λ2+λ3                                            (6.6) 
In order to extract the full information content of these images. The different 
decomposition method such Freeman, Yamaguchi and H/a/alpha decomposition are 
considered. Within the mean angular parameters ( 𝛼 , 𝛽 , 𝛿 , and γ) of the dominant 
scattering mechanism, within this the 3x3 coherency T3matrix can be extracted. The roll-
invariant 𝛼 is the main parameter for identifying the dominant scattering mechanism in 
terms of random media problems. The other three parameters (𝛽, 𝛿, and 𝛾) can be used to 
define the target polarization orientation angle (Pottier, 1998; Pottier et al., 1999; Lee et al. 
2002). By interpretation of the parameter 𝛼  scattering mechanism is mainly performed 
because its value can be easily related with the physics behind the scattering process. 
Considering the backscattering case from a cloud of identical anisotropic particles with a 
target matrix [S], 
                                                        (6.7) 
 where b and a are the complex scattering coefficients in the particle characteristic 
coordinate system. In this case, the effect of rotation about the line of sight on the associated 
coherency T3 matrix can be generated (Cloude & Pottier, 1996). 
Cloude (1986) demonstrated there are two important physical features arising directly 
from the eigenvalues of the coherency T3 matrix. The first one is the polarimetric 
scattering entropy H defined by using the logarithmic sum of the eigenvalues of T3

  
90 
 
                                                     (6.8) 
where P i expresses the appearance probabilities for each contribution as defined from the 
eigenvalues of T3by  
 
                           (6.9) 
The entropy H ranges from 0 to 1. If the polarimetric entropy H is low (H 0.3), the 
system may be considered weakly depolarizing and the dominant scattering mechanism. The 
definition of the entropy is that entropy is the parameter can be interpreted as a measure of 
randomness of the backscattering mechanisms within a resolution cell. In other words, H 
expresses the number of effective scattering processes occurring: An entropy H 0 indicates 
a rank 1 T3matrix with only one non-zero eigenvalue, i.e. λ2 λ3 0 .This characterizes a 
coherent non-depolarizing backscattering process described by a single target matrix. At the 
other extreme, an entropy H 1 indicates the presence of three equal non-zero eigenvalues, 
i.e. λ1 λ2 λ3. It describes a random noise scattering process completely depolarizing the 
incident wave. 
The other important polarimetric feature is the anisotropy which is defined as the normalized 
difference between the appearance probabilities of the second and the third target component 
(Cloude, 1986a; Pottier, 1998). 
                                               (6.10) 
The anisotropy measures the relative importance of the second and the third eigenvalues 
of the eigen decomposition. The polarimetric anisotropy A also ranges from 0 to 1 and is a 
complementary parameter to the polarimetric entropy H. In PolSAR applications it seems to 
be important to note that the polarimetric anisotropy A plays a key role and represents a very 
useful parameter to improve the capability to distinguish different types of scattering 
processes in particularly when the polarimetric entropy reaches high values. In the 
polarimetric backscattering problem, the invariance of the eigenvalue problem under unitary 
transformation is the great advantage of the entropy and anisotropy parameters (Touzi, 2007).  
As we explained before in this section about the most important parameters then the last 
products of the polarimetric decomposition are four images, the entropy, anisotropy, alpha 
angle, and span image (Figure. 57 and 58). The before they are imported into a GIS together 
with the calibrated backscattering products, the images are geocoded and orthorectified to 
obtain identical geometries. The all those image have been used for backscattering 
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understanding and comparison of mechanism and apply the better model and applicable in 
deriving the soil moisture. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 58. The HH polarization of quad pol PALSAR data in left, the Pauli RGB (color 
coded as red = |HH-VV|, green = |HV|, and blue = |HH+VV|) in middle, and the Span image 
in dB. 
 
 
 
 
 
 
 
 
 
 
Figure 59. The alpha decomposition which red shown the rough area to blue smooth area in left, 
the entropy image in middle and anisotrapy image in right. 
HH 
HH Pauli RGB Span 
anisotrapy entropy alpha 
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With a simple visualized interpretation of the Pauli RGB in Figure 6.15 can learned how 
surface featured are portrayed in the image and its detail can extracted based on the 
experience and local knowledge of interpreter. In this RGB image the color from black to 
red has shown the slightly rough to rough area respectively. In the span image, which I the 
total power of three eigen value, the black color to white colored has shown respectively the 
surface backscattering to the volume and white as the double backscattering (Figure 57). 
6-6 Semi-empirical Inversion Models 
Generally, based on theoretical scattering models and extend or modify empirical 
observations is approaches to the semi-empirical model. A large number of experimental 
measurements is required for establish the underlying experimental calibration relationships, 
however, such empirical relationships are often difficult to apply to sites other than those 
where they were developed. Moreover, they are generally valid only for specific soil surface 
conditions. The most popular are the two extension of the SPM, namely the ones developed 
by Oh et al. (1992) and Dubois et al. (1995). Both will be considered in the following. 
6-7 The Oh Model 
The semi-empirical algorithm based on theoretical models and radar measurements with 
a truck mounted scatterometer operating at three frequencies, 1.5, 4.5, and 9.5 GHz Oh et al. 
(1992; 1994; 2002) developed. The radar data was acquired in a fully polarimetric mode 
with an incidence angle range from 10° to 70°. Based on the field measurements over a wide 
variety of bare soil conditions and observed relationships between the scatterometer data and, 
an empirically determined function for the co- and cross polarized backscattering ratios was 
proposed (Oh et al., 1992): 
and                                     (6.11) 
                                            (6.12) 
where θ is the local incidence angle, ks is the electromagnetic roughness (i.e. RMS height 
normalized to the wavelength), Γ0 is the Fresnel reflectance coefficient at nadir (i.e. θ0) 
with 
                                                       (6.13)                  
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and ΄ is the real part of the complex dielectric constant. 
To incorporate the effect of varying incidence angles, a new expression for q was 
introduced 
(Oh et al., 1994): 
                                 (6.14) 
Later on, the expression for p and q were further modified, and an expression for the cross 
polarized backscattering coefficient was suggested (Oh et al., 2002): 
                                        (6.15) 
                                    (6.16) 
                                    (6.17)  
Finally, taking into account the fact that the measurement of the surface roughness 
correlation length is not exact and that the ratio q is insensitive to the roughness parameter, 
Oh (2004) proposed a new formulation of the cross-polarized ratio which ignores the 
correlation length: 
                                 (6.18) 
Generally, the Oh model can estimate accurately of mv within a validity range of ks < 3 
and 9 < mv < 31 Vol.-% (Oh, 2006; Baghdadi & Zribi, 2006). Due to this fact the algorithm 
is more suitable for applications at lower frequencies like S-, L-, or P-band (Koyama, C. N. 
2012). The Table. 14 shown the comparison of those model. The Figure. 59 shown the Oh 
model result in study area. 
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Table 14. Comparison between the backscattering model in different natural surface condition 
 
Models Delta & 
NBMI 
Oh Dubois model AIEM 
Frequency available (GHz) All 1.5∼9 (suitable for 
L, P-band) 
1.5∼11 (suitable for 
L, P-band) 
All 
Incidence angle (𝜃) All 10°∼ 70° 30°∼ 65° All 
Surface All All All All 
RMS (𝑠) cm All k.s < 3 * 𝑘⋅𝑠 < 2.5 All 
Correlation length All _ _ All 
Data Polarization All Full 
polarimetric 
Co-polarization 
(HH, VV) 
All 
Soil moisture adaption Dry soil 9 < mv < 31 
Vol.-% 
< 35 Vol.-% All 
* K.S = (2
𝜋
𝜆
). RMS height 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 60. The volumetric soil moisture of the Dubois (a) and the Oh model (b). 
0 6 12 18 243
Kilometers
0 6 12 18 243
Kilometers
±(a) (b) 
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The accuracy result of the prediction soil moisture by Oh model after cross to observation 
soil moisture point achieved the 5.4 Vol-% RMS error. The circle on image shows the two 
different land cover of sparse vegetation and bare land, and in next image (Fig. 60) we 
compared it with Google Earth image. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 61. The comparison of Google Earth footprint of study area of two different land cover type, 
as same of PALSAR image, and the circle shows as same position of the soil moisture map of the 
Figure 59. 
 
6-8 The Dubois Model 
The other semi-empirical model which developed by Dubois et al. (1995). It is noted it 
has similarly and simplification of the Oh model addressing only the co-polarized 
backscattering coefficients. Dubois also same as Oh for original study used to radar data and 
was also collected with scatterometer. Later the widely algorithm investigated and was 
widely applied to SAR data. After that the relationships between scatterometer data and field 
measurements was analyzed. The empirical co-polarizedσ°hh and σ°vv  backscattering 
Bare land 
Sparse vegetation 
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coefficients were expressed as a function of radar parameters, i.e. the frequency, local 
incidence angle, soil surface parameters, such as permittivity and surface roughness. Then 
by understanding of backscattering coefficient ratio and dependency with different moisture 
conditions and varying incidence angles, the roughness-induced deviations by an empirically 
derived expression for the roughness term log (ks sin θ ) were accounted. Finally, the 
following empirical expressions for the co-polarized backscattering coefficients were found: 
                              (6.19) 
                              (6.20) 
 
where ε′ is the relative dielectric constant,  θ is the local incidence angle, ks is the 
normalized surface roughness, and λ is the wavelength. Therefore, when the θ is known, 
equation (6.19) and (6.20) constitute a system of two non-linear equations with two 
unknowns: ks and ε′. It should pay attention that the backscattering coefficients of equation 
(6.19) and equation (6.20) decrease with increasing θ and/or with decreasing ks. It has 
similarity with the prediction of the SPM. On the other hand, the backscattering coefficients 
increase with increasing mv. This increase is robust in vertical than in horizontal co-
polarization. The sensitivity of the model to mv decreases with increasing local incident 
angle. Moreover, it can be seen that the empirically determined expressions condition that 
the  σ°hh/ σ°vv ratio is dependent on roughness and increases with increasing ks. This, 
however, it is different from the SPM, because where the co-polarized term is not roughness 
dependent. With increasing mv the co-polarized ratio increases steadily, while its sensitivity 
to mv decreases with decreasing θ (Hajnsek, 2001). 
There are some important aspects which are not considered by the Dubois model, such 
as the influence of the surface correlation length on the fields, or the influence of topographic 
variations on the accuracy of the estimates. But, Dubois et al. model can estimated the 
validity range for the natural surface condition should be in range of  mv < 35 Vol.-% and 
ks < 2.5. Their accuracy is quantified as 4.2 Vol.-% for the soil moisture estimates and as ks 
of 0.4 for the surface roughness over bare soil. However, it should be mentioned that the 
authors had several reasons to consider only the co-polarized signals in their model. Firstly, 
it should be mentioned the co-polarized backscattering coefficients are less sensitive to 
system noise and cross talk rendering the calibration of co-pol channels more accurate it is 
result of according to study which had done by Freeman, 1992. Additionally, the 
arrangement of effective and reliable calibration algorithms for polarimetric SAR data was 
still under development in the early and mid-1990’s (Touzi et al., 2008). Therefore, as the 
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Dubois working with co-polarized then make it possibility to work with the dual acquired 
SAR data whereas the Oh model strictly requires fully polarimetric data.  
The observation point of soil moisture used for validate the result of Dubois model. After 
the crossed the points the 7.9 Vol-% RMSE was archived for this model. More ever, the 
comparison between two of semi-empirical inversion model of Oh and Dubois shown the 
Oh model is more suitable model for study area than the Dubois model. Because, the Oh 
model works for wide roughness range than Dubois and the Oh model is more applicable in 
shorter wavelength such as P-, and L-band. In addition the Oh model works on fully 
polarimetric data while the Dubois works just for co-polarization. 
 
6-9 Comparison and Validation 
 The final step of research is to compare the result and validation as we has shown in the 
research flow chart. We used the RMSE Vol-% of soil moisture between the ground truth 
data and retrieval soil moisture of SAR data. For comparison the soil moisture retrieval maps 
in this research; the ground truth map of kriging and Co-kriging, and the different ALOS 
PALSAR polarization mode and backscattering model and inversion model, we used the 
RMSE Vol-% of soil moisture retrieval and ground truth soil moisture of soil samples. The 
summary of the result and the one sample point of study area has summarized in the Figure 
61. As we seen the result shown the delta and NBMI index as the theoretical index got the 
highest accuracy then followed by the statistical method,  
 
Figure 62. The comparison of soil moisture result of study area by different method against the 
ground truth soil moisture estimation. 
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Chapter 7 
 
 
 
 
 
7-1 Conclusion and Perspective 
At the result the SAR backscattering has sensitivity to the dielectric properties, i.e. the 
soil moisture and surface roughens. Furthermore, land surfaces geometric structure of 
different land cover such bare land and vegetated area has affected on SAR backscattering. 
Microwave remote sensing is a valuable tool for a wide range of earth observation issues 
related to the physical conditions of natural land surfaces. SAR potentially is suitable for soil 
moisture estimation at high spatial/ temporal resolution. It is founds an important 
contribution to hydrological modeling, as well as water budget, agricultural procedures and 
ecological optimization from local scales to global scales and disaster monitoring such as 
flood and land slide. 
Since a careful preprocessing, ALOS PALSAR products using state-of-the-art image 
processing techniques. To extract the full information content of multi-channel PALSAR 
data refined PolSAR preprocessing techniques were employed. Writing to conclude this 
dissertation follow up the research methodology part by part; 
I) Taking into all samples filed visually in situ measurement with wide range soil moisture 
from 0 - 30 Vol- %, and a wide surface roughness range with RMS height between 0.3 - > 5 
cm it means from smooth area to rough. But, it is the quiet special site with different sub 
class of bare land with some part very smooth clay pan which is excellent for SAR 
backscattering coefficient calibration. The other specialty of the test site is the soil properties 
which is cover by Aridisols which there are no reference paper about dielectric constant of 
this soil texture. The study area typically cover by different soil texture from sandy to clay 
soil from north to south part. Given that there is such a strong dependence of dielectric 
permittivity on the volumetric moisture of a sample at any one frequency, it appears 
reasonable that one might be able to turn that concept around and use it to predict soil 
moisture from dielectric permittivity measurements. At frequencies below 1.5 GHz, ε΄ is 
only weakly frequency-dependent and dielectric losses are generally low. However, at these 
low frequencies, ε΄ and ε΄΄ are very sensitive to changes in soil water content. In addition, 
below around 900 MHz, ε΄ depends strongly on soil texture. At frequencies above about 1 
to 1.5 GHz, the ε΄΄ increases with increasing water content. 
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II) The observations also cover a fairly large range of homogeneity area which is represent 
the soil characteristics. For achieving this object we carried out the geospatial data base 
which it was very fruitful for make the homogenies area which we named the land unit. 
Generally, the accessible soil digital map were interpreted using associated and generalized 
knowledge concerning the impact of topography, geology, and land cover on soil properties. 
But the land unit paradigm based on the soil landscape use for predict homogeneous areas 
in terms of soil, geological, vegetation, geomorphology, landform and land cover etc. is most 
practicable. Therefore, it seems this study’s method offers a quick and fruitful technique 
based on the land unit map by using the geospatial data base on GIS software environ. 
Meanwhile, the consideration about the base maps in the database and the overlay 
technique with the weight of layers are important. This map is a worth guide map for 
navigate the soil surveyor to find out a homogenous are and then introduced the soil sample 
representation. Inaccurate ground truth not only may be the reason for low correlations 
between measurements and estimates, but also for deficient parameterization of new models. 
III) In this study, the sampling strategy was established and compared with ALOS 
PALSAR backscattering coefficient pixel based with ground samples position respectively. 
In the second part for create the soil moisture map by using the geostatistical method 
which is very powerful tools. The Kriging and Co-kriging make possible to make special 
relationship between soil moisture which measured in field and different value as same 
condition by distance and deriving the map. The Kriging method could derived the a bit 
more accreted map but not so much valuable than the Co-kriging. It seems the Co-kriging 
could be more useful than Kriging because it make possible to add some other affective 
valuable on target variable which want to modeling. For instance in soil moisture mapping 
it is possible add the variable of soil or geology or other information which we have in our 
disposal. Finally the most important factor for creating reliable model in geostatistical is a 
dataset with worth spatial distribution.  
 V) About the surface roughness simulation using photogrammetry method and 3D 
modeling by real ground photo it is allow for improved analysis and monitoring of surface 
roughness on different fields. Specially, in vegetated land covet which the pin profilemetere 
has big difficulties and usually make it is impossible. Remotely sensed soil surface patterns 
can help to improve the understanding of soil moisture backscattering model and very 
helpful for improvement. High sensitivities backscattering model towards surface roughness 
and biomass could be determined this is as importance task. 
vI) Backscattering model for retrieve the soil moisture; the major impediment for the 
surface soil moisture retrieval from SAR data lies in the separation of different scattering 
contributions to the backscattering coefficients. Which is the complicated part according to 
the variety properties of land surface such land cover, soil texture, surface roughness. All 
these character make the different dielectric constant behavior which has relationship with 
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backscattering coefficient. In this line we should measure or simulate the natural surface 
characteristic as far as possible appropriately and quantitatively. 
During the last decades a large variety of models have been addressed for the inversion of 
soil moisture from spaceborne SAR data in this research. The different retrieval approaches 
are include the three theoretical scattering models, the IEM, Delta and NBMI, two semi-
empirical extensions of the Oh model and the Dubois model, as well as one empirical 
retrieval model and statistical, all of addressed method and their estimation performances 
were tested against in situ and laboratory measurements and dielectric constant.  
vII) The polarimetry SAR is the key to overcome these problems because it allows a direct 
or indirect separation of attenuation effects induced by surface roughness and vegetation by 
H/A/Alpha decomposition. By applying a PolSAR decomposition technique, namely the 
H/A/Alpha decomposition, the phase information was exploited to increase the amount of 
observables. In effect, most of the popular inversion approaches use polarimetric SAR 
imaging. 
The soil moisture has wide variability in study area and show the RMS around 3 to 8 
Vol-% in different approach and test site. Although, we cannot compare fairly since the 
technique and parameter is not similar. But, generally the map exhibit the IEM model 
overestimated the backscattering coefficient, and Oh underestimated and Dubois 
overestimate the soil moisture. The best result was achieved by delta index and then by 
empirical statistic model followed by OH and Dubois in order by RMSE error. Within the 
inversion model the Oh was the best since it is working with full polarimetric data and it is 
provide the better information by such a backscattering decomposition such an alpha and 
entropy to understand the natural surface. 
Conclude, the result obtain in this thesis has shown the L- band SAR backscattering 
model has good potentially for soil moisture retrieving but for accurate retrieval model need 
the quantitatively scatter attention from surface land. L-band also very suitable for different 
land cover and vegetated land. The result of this study just not recommended for other 
different land cover and soil texture unless it has the similar surface natural properties. 
The result of this thesis might along with future work in the field microwave remote 
sensing and natural surface monitoring give an outlook of the possibility to fully soil 
moisture retrieval modeling for arid and semi-arid environments. 
 
7-2 Issues, Suggestions and Future Work 
In fact there are lots of issues in microwave remote sensing for retrieving and estimation 
of physical characteristics of land, but, particularly in this research we can mentioned about 
the backscattering complexity in mixed pixel of vegetated cover and bare area and 
agriculture area. As we mentioned before there are the sensor properties aspect and natural 
physical land aspect which it is affected to backscattering model, so both of these aspects 
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make difficulties in backscattering model. For instance in sensor, the incident angle, SAR 
propagation wave, backscattering mechanism in surface and underground land layer or 
vegetation attenuation, polarization mode etc, are very important to retrieving the soil 
moisture. On the other hand the surface roughness is most important in the soil moisture 
retrieval, since, it has main influence on SAR backscatter.  
Therefore we are suggesting to apply the fully polarimetric for land cover mapping 
according the vegetation attenuation and surface roughness to create the accurate land cover 
and vegetation properties, such as height, density and canopy for input the precise 
information in backscattering model. Providing the surface roughness data in different land 
cover using the real ground photo using the field work. Also in vegetation aspect measuring 
the dielectric constant and water content. Then, by using the multi 
polarization/incident/frequency SAR data with high resolution and short revisited time and 
same time field working might be is possible for achievement a good suggestion for the more 
accurate soil moisture map.  
In future work we tried to collect the more accurate surface roughness and vegetation 
properties for backscattering model to apply to different SAR data such as ALOS 2 in 
different land cover, hopefully introduce the empirical model for study area in arid land 
region specially. 
The author hopes that this work, including the publications and presentations made during 
the course of his Ph.D. studies, will have a meaningful contribution to this challenging topic. 
Finally, this research for sure would have not the lack of errors and mistakes, feel free and 
thanks to give us the feedback and we always appreciated your suggestions to send us by 
email. We also would like to keep the all intellectual property in this thesis for whose we 
used by references, and if something was missed we apologized about it and let us know if 
you recognized something. 
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